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Abstract
Counterproductive work behavior (CWB) is an important component of job performance that is known to be related to criti-
cal personal and organizational consequences. Thus, both researchers and practitioners are interested in better understand-
ing CWB’s primary drivers. Despite its popularity, the theoretical inhibitory effect of GMA on CWB, which predicts that 
employees with higher GMA will show lower CWB, has seen weak and inconsistent empirical support. Here, we propose 
that a reason for this divide between theory and empirical studies can be explained by a more appropriate interpretation of the 
inhibitory effect as conditional, in that the strength of the GMA-CWB relationship is dependent on other critical individual 
differences. We suggest that the meta-trait stability–which subsumes conscientiousness, agreeableness, and emotional stabil-
ity, the three personality traits shown to be consistently positively related to CWB–is critical for revealing the GMA-CWB 
relation in empirical studies. Specifically, we hypothesize that the inhibitory effect is dependent on the meta-trait stability 
such that the expected negative GMA-CWB relationship is strongest for those with low levels of stability but is not appar-
ent for those with high levels of stability. Results supported the conditional inhibitory hypothesis across two large samples. 
Implications for theory and practice are discussed.
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Inhibitory Effect of General Mental Ability 
on Counterproductive Work Behavior: The 
Case for an Interaction

During the last two decades, one major shift in research 
on selection systems has been an expansion of the crite-
rion domain to include contextual performance in addi-
tion to more traditionally emphasized task performance 
(Borman & Motowidlo, 1993; Sackett & Lievens, 2008). 

Within contextual performance, counterproductive work 
behavior (CWB) describes voluntary behavior that harms 
an organization or the individuals within the organization. 
Thus, CWB can have serious consequences for both indi-
viduals and organizations. For example, theft—one type of 
CWB—is a large financial risk for organizations (Bennett 
& Robinson, 2000). Perceptions of CWB also contribute 
to overall ratings of an individual’s job performance (Choi 
et al., 2018; Lievens et al., 2008; Rotundo & Sackett, 2002). 
Moreover, CWB can reduce the performance of entire 
business units, not just the individuals committing CWBs 
(Dunlop & Lee, 2004). Research also suggests that CWBs 
can lead to increased experiences of interpersonal incivility 
and organizational constraints such that CWB leads to more 
CWB (Meier & Spector, 2013). Consequently, preventing 
and reducing CWB is of great interest to organizations.

The growing interest in CWB as a criterion for selection 
systems has invigorated research on its antecedents more 
broadly. Historically, studies regarding antecedents of CWB 
have focused on attitudinal and personality variables (Spec-
tor & Fox, 2002), perhaps stemming from the assertion by 
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Borman and Motowidlo (1993) that personality or “will-
do” characteristics should predict contextual performance 
more so than ability or “can-do” characteristics. However, 
researchers have increasingly broadened their considera-
tion of other individual differences, particularly in relation 
to CWB. Indeed, Dilchert et al. (2007)–based on evidence 
that GMA is negatively related to deviance in the more 
general sense (Gottfredson & Hirschi, 1990; Lynam et al., 
1993)–hypothesized that GMA should inhibit (i.e., be nega-
tively related to) CWB, termed the inhibitory effect. Despite 
its theoretical appeal and popularity (e.g., see Ones et al., 
2012), empirical support for this hypothesis has been mixed 
at best. Early studies showed some support for GMA as a 
negative predictor of CWB (Dilchert et al., 2007), but a sub-
sequent meta-analysis found no support for a GMA-CWB 
relationship (Gonzalez-Mulé et al., 2014). Thus, empirical 
findings seem to conflict with researchers’ general agree-
ment that GMA should meaningfully predict CWB.

In this article, we offer an explanation that focuses on 
redefining the popular inhibitory effect hypothesis (Dilchert 
et al., 2007) as a conditional inhibitory effect (i.e., an inter-
action). Specifically, we suggest the traditionally hypoth-
esized negative influence of GMA on CWB emerges only 
among individuals low in other dispositional characteris-
tics that decrease their likelihood of engaging in CWB. We 
draw on a robust body of literature supporting a relationship 
between stability–a higher-order “meta-trait” comprised of 
the FFM traits conscientiousness, extraversion, and emo-
tional stability–and CWB (Berry et al., 2007; DeYoung 
et al., 2008) to suggest there is an interactive effect of GMA 
and stability on CWB, such that the inhibitory effect is con-
ditional on levels of stability.

The Inhibitory Effect: The Case for a GMA‑CWB 
Relationship

The primary theoretical rationale for a negative relationship 
between GMA and CWB draws on evidence for a negative 
GMA-deviance relationship in the criminology literature. 
Prior scholars have suggested that CWBs show substantial 
overlap with deviant behavior generally. Some behaviors 
classified as CWBs are in fact illegal, such as theft, white 
collar crime, violence, or use of illicit drugs on the job 
(Bowling & Gruys, 2010; Ones, 2002), and those CWBs 
that are not criminal still “involve breaking rules and deviat-
ing from established norms” (Dilchert et al., 2007). Because 
CWBs reflect rule-breaking and norm-violation similar to 
deviant behavior, the GMA-deviance link might help to 
explain CWB (Dilchert et al., 2007; Ones et al., 2012). Nota-
bly, prior work has shown that the strongest trait predictors 
of criminal behavior are also important predictors of CWB 

(Marcus & Schuler, 2004), giving some support to the idea 
that predictors of deviance broadly may also predict CWB.

In particular, there are two popular theoretical ration-
ales for a GMA-deviance relationship that researchers have 
extended to postulate a GMA-CWB relationship: (a) an 
inhibitory effect; and (b) moral reasoning (Dilchert et al., 
2007; Gonzalez-Mulé et al., 2014; Ones et al., 2012). The 
inhibitory effect suggests that because high-GMA indi-
viduals possess greater capacity to evaluate the long-term 
consequences of their actions, high-GMA individuals will 
be more likely to recognize the negative consequences of 
CWBs and adjust their behavior accordingly. Relatedly, the 
moral reasoning justification for a GMA-deviance link sug-
gests that GMA indirectly affects deviance via individuals’ 
increased capacity to evaluate the “rightness” or “wrong-
ness” of their actions. That is, the moral reasoning rationale 
likewise suggests that GMA should inhibit CWB but that 
the relationship is mediated through the related construct of 
moral reasoning (Dilchert et al., 2007). Whereas the inhibi-
tory effect broadly encompasses a variety of reasons that 
GMA would suppress CWBs, the moral reasoning rationale 
specifies that the inhibitory effect happens via moral reason-
ing. Effectively, the moral reasoning rationale is a narrower 
specification of the inhibitory effect.

Although both the inhibitory effect and moral reasoning 
rationales are drawn from the criminology literature, empiri-
cal support has only been shown for the broader inhibitory 
effect. There is substantial empirical evidence for a negative 
relationship between GMA and delinquency (Gottfredson & 
Hirschi, 1990), and this negative relationship persists even 
after controlling for other contextual factors such as socio-
economic status (Lynam et al., 1993). In contrast, research 
findings have so far not shown much support for the type of 
mediation pathway predicted by the moral reasoning ration-
ale (Lykken, 1991; cf Dilchert et al., 2007). Thus, while 
empirical evidence for the inhibitory effect is well-estab-
lished within the criminology literature, consistent empirical 
evidence for the narrower moral reasoning rationale has not 
yet been shown. Given limited support for moral reasoning 
as a mediator within the criminology literature and theo-
retical overlap between the moral reasoning and inhibitory 
effect rationales, we believe the inhibitory effect offers the 
most compelling theoretical framework from the criminol-
ogy literature that might be extended to the workplace devi-
ance literature.

Despite ample support for an inhibitory effect within the 
criminology literature and the hypothesis that GMA should 
likewise predict CWB, empirical evidence has not univer-
sally supported that relationship. The earliest direct test of 
the inhibitory effect on CWB found that GMA and CWB 
show a modest, negative relationship (Dilchert et al., 2007). 
Moreover, in their review of cognitive ability in personnel 
selection, Ones et al. (2012) summarized results of earlier 
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atheoretical, large-scale validation efforts (McHenry et al., 
1990; Oppler et al., 2001) and concluded that results showed 
support for an inhibitory effect of GMA on CWB. However, 
in a more recent meta-analysis, Gonzalez-Mulé et al. (2014) 
found no evidence of a clear relationship between GMA and 
CWB, which suggests no inhibitory effect of GMA on CWB. 
Thus, empirical findings regarding the GMA-CWB relation-
ship have been inconsistent and do not clearly support an 
inhibitory effect of GMA on CWB.

The Conditional Inhibitory Effect: The Case 
for an Interaction

One possible explanation for the lack of support for an inhib-
itory effect is that the inhibitory effect has thus far been 
operationalized inconsistently with its theoretical form. To 
date, the inhibitory effect of GMA has been operationalized 
primarily as a main effect of GMA on CWB. We argue that a 
theoretical inhibitory relationship between GMA and CWB 
instead reflects a conditional effect of GMA (i.e., an interac-
tion) such that GMA affects CWB only in the presence of 
other CWB-risk factors. Returning to the key mechanism 
of the inhibitory effect, this theory suggests that high GMA 
enables individuals to better anticipate the consequences of 
their actions and adjust behavior accordingly. However, inhi-
bition assumes individuals have some proclivity to engage in 
CWB in the first place. Without such an initial inclination to 
engage in CWB, the benefits of GMA for suppressing CWB 
are not needed.

Indeed, other researchers have similarly suggested that 
the inhibitory effect may be most pronounced in the context 
of other deviance risk factors. Dilchert et al. (2007) suggest:

. . . the investigation of potential interaction effects 
could further contribute to researchers’ understanding 
of the observed relationships. For example, it seems 
conceivable that the negative cognitive ability-CWB 
association would be even stronger among individu-
als who lack other personal characteristics that act as 
preventative factors. (p. 624)

That is, the inhibitory effect of GMA may be strongest 
among individuals with “other personal characteristics” that 
make them prone to engaging in CWB. Similarly, Gonzalez-
Mulé et al. (2014) allude to an interaction between GMA 
and other risk factors, suggesting high-GMA individuals 
have “... less likelihood of falling victim” to “the vicious 
frustration-aggression cycle” (p. 1224). The “frustration-
aggression” cycle refers to evidence that other, non-GMA 
antecedents affect CWB and that GMA may weaken those 
relationships.

This type of conditional effect in which the relationship 
between GMA and CWB is dependent on other variables 
reflects an interaction. Thus, whereas prior research has 

framed the inhibitory effect as a simple direct effect, we 
argue that inhibition is most appropriately framed as a con-
ditional or interactive effect. GMA may inhibit CWB only 
when individuals possess some other tendency to engage in 
CWB. In contrast, individuals who possess no other risk fac-
tors for CWB would be unlikely to engage in CWB regard-
less of GMA, and GMA would show no effect on CWB.

Notably, the two quotes above–though both referenc-
ing an interaction–use language that refers to slightly dif-
ferent framings of an interaction. The first uses language 
that describes GMA as moderated by other risk factors (i.e., 
the negative GMA-CWB relationship is strongest at certain 
levels of other characteristics), whereas the second refers to 
GMA as moderating other risk factors (i.e., GMA weakens 
the relationship between other characteristics and CWB). 
Although, statistically, an interaction between two vari-
ables is equivalent regardless of which variable is treated 
as the moderator, here we focus on the framing of GMA as 
the independent variable and other dispositional tendences 
as the moderator. This framing is most consistent with our 
theory that inhibitory effect of GMA on CWB is dependent 
on other risk factors. That is, we hypothesize an inhibitory, 
negative GMA-CWB relationship but only among those with 
levels of other characteristics that predispose them to CWB.

Moreover, because prior work on the inhibitory effect 
assumes that GMA shows a simple, direct effect on GMA, 
framing the interaction in this way allows for more direct 
comparisons with prior findings. For example, we calculate 
Johnson-Neyman (JN) confidence intervals (CIs) to deter-
mine at what levels of the moderator the effect of GMA on 
CWB is significant. We also graph the influence of GMA 
on CWB at differing levels of the moderator (as opposed 
to the influence of other characteristics at varying levels 
of GMA) to illustrate how the GMA-CWB relationship 
changes dependent on the moderator.

The Meta‑trait of Stability

Interpreting the inhibitory effect as conditional requires 
considering what other variables are critical risk factors for 
CWB. Although literature on the relationship between GMA 
and CWB is somewhat limited, there is a robust body of lit-
erature on the importance of personality in predicting CWB. 
Much of the research on the relationship between personality 
and CWB has focused on personality as it relates to control 
(Marcus & Schuler, 2004; Spector, 2011), in part due to the 
popular theory that self-control is the most important pre-
dictor of deviance generally (Gottfredson & Hirschi, 1990; 
Pratt & Cullen, 2000; Vazsonyi et al., 2001). This theory 
suggests that self-control is critical in preventing deviant 
behavior because nearly all such behaviors involve “imme-
diate and easy gratification of desires at the cost of possible 
long-term negative consequences” (Hirschi & Gotffredson, 



 Journal of Business and Psychology

1994; Marcus & Schuler, 2004, p. 648). Marcus and Schuler 
(2004) extend this theory to general counterproductive 
behavior at work and show that, even after accounting for 
many other individual differences, self-control is strongly 
negatively related to CWB.

A closely related concept to self-control is the meta-trait 
stability, a higher-order dimension comprised of the Big 
Five traits conscientiousness, agreeableness, and emotional 
stability. Although the Big Five were originally thought to 
be orthogonal, they in fact co-vary and load onto two higher-
order dimensions, or meta-traits (Digman, 1997; DeYoung, 
2015; DeYoung, 2006). Because several researchers inde-
pendently derived the meta-traits, they have been given 
alternative labels at different times. Here, we use the label 
“stability” to refer to the meta-trait comprised of conscien-
tiousness, agreeableness, and stability, which is consistent 
with the terminology proposed by DeYoung (2006). Nota-
bly, the meta-trait now known as stability has also been 
labelled self-control (Olson, 2005) and social self-regulation 
(Saucier et al., 2014), reflecting the centrality of behavioral 
restraint and regulation to the trait.1

In his Cybernetic Big Five theory, DeYoung (2015) 
attempts to reconcile empirical support for the meta-traits 
with a theory of their emergence and function. DeYoung 
suggests that overall stability promotes the “protection of 
goals, interpretations, and strategies, from disruption by 
impulses” (p. 10), and each of the three traits plays a role 
in preventing such impulses. Perhaps most obviously, emo-
tional stability reflects stability of mood and emotion. Con-
scientiousness reflects “motivational stability, maintaining 
progress toward long-term or abstract goals” and agreea-
bleness reflects “social stability, maintaining the harmony 
of social interactions” (DeYoung, 2015, p. 47). Thus, emo-
tional stability, conscientiousness, and agreeableness pro-
tect against disruption in emotional, motivational, and social 
impulses, respectively. Indeed, prior research has shown that 
measures of self-control are strongly related to conscien-
tiousness, agreeableness, and emotional stability (de Vries 
& van Gelder, 2013; Marcus, 2003; O’Gorman & Baxter, 
2002).

The role of stability in constraining behavior may stem 
from its neurobiological underpinnings. DeYoung and 
colleagues (2010, 2015) suggest that the meta-traits may 

emerge in part from individual differences in neurotransmit-
ter functioning. Specifically, stability is thought to be related 
to serotonin functioning such that low levels of serotonin are 
positively related to impulsiveness and aggression (Carver & 
Miller, 2006; Hirsh et al., 2009). Serotonin may help facili-
tate long-term goal prioritization by signaling danger, as 
well as suppressing “negative affect and aggression while 
maintaining behavior and motivational stability” to avoid 
or overcome the danger (Hirsh et al., 2009, p. 1086). Sero-
tonergic functioning is positively related to all three traits 
comprising stability (conscientiousness, agreeableness, and 
emotional stability). Thus, their shared variance (i.e., the 
overlap in all three with stability) may be attributable to ser-
otonergic functioning and its effect on behavioral constraint.

Although we are not aware of any empirical work that 
examines the effect of stability on CWB, related research 
strongly suggests that stability is a critical predictor of CWB. 
First, stability as a construct is consistent with self-control 
which, as outlined above, is thought to be an important—if 
not the single most important—predictor of deviance gener-
ally and CWB. Second, stability has been shown to predict 
related constructs. Stability is positively related to conform-
ity with social norms (DeYoung et al., 2002) and negatively 
related to externalizing behavior broadly (DeYoung et al., 
2008). Finally, research on the relationships between the Big 
Five traits and CWB clearly supports a negative relation-
ship between CWB and all three of the traits that comprise 
stability (conscientiousness, agreeableness, and emotional 
stability; Berry et al., 2007). Thus, we would also expect 
stability to negatively predict CWB.

To the extent that GMA exhibits a negative relationship 
with CWB only when individuals possess other critical 
risk factors, low stability seems likely to be one such fac-
tor. Thus, we expect an interaction between GMA and the 
meta-trait stability (see Fig. 1) in which the GMA-CWB 
relationship is conditioned on (i.e., moderated by) stabil-
ity. Because low stability reflects an individual’s general 
tendency toward impulsive behavior and immediate grati-
fication, high GMA may help an individual to better under-
stand the consequences of such behavior and curb impulses 
accordingly. However, high GMA is not as likely to benefit 
high-stability individuals who are not prone to engaging in 
CWB.

Hypothesis 1: The meta-trait stability moderates the 
GMA-CWB relationship such that GMA shows a nega-
tive relationship with CWB among low-stability, but not 
high-stability, individuals.

In the current study, we consider only the influence of a 
GMA-stability interaction on CWB. However, theoretically, 
the interpretation of the inhibitory effect of GMA as condi-
tional also applies to deviance generally. That is, we would 

1 The second meta-trait plasticity encompasses the remaining Big 
Five traits of openness and extraversion and concerns the creation 
and exploration of new goals. Importantly, the two meta-traits do not 
reflect opposing ends of the same dimension. As noted by DeYoung 
(2015), “The opposite of stability is not plasticity but instability, and 
the opposite of plasticity is not stability but rigidity” (p. 47). See 
DeYoung et al., (2002, 2010) for further reading on possible neuro-
biological substrates of the Big Five traits, including the relationship 
between plasticity and dopaminergic functioning.
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expect GMA to have the strongest inhibitory effect on devi-
ance among those who are otherwise predisposed to engage 
in deviant behavior (i.e., low-stability individuals). Although 
prior research clearly supports a significant main effect of 
GMA on deviance generally, this is not evidence against 
an interaction. Rather, statistically, main effects reflect the 
influence of the predictor on the criterion across the range 
of moderator values in a sample (Busenbark et al., 2022). If 
the effect of GMA on deviance is negative at low levels of 
stability and effectively zero at high levels of stability, the 
“main” effect of GMA on deviance without accounting for 
stability would often appear to be negative (i.e., “averaged” 
across levels of stability).

Support for a negative GMA-deviance but not a GMA-
CWB link to date may be attributable to mean differences 
in stability across sampled populations. Because stability-
related traits show relationships with other important career 
and work outcomes (Barrick et al., 2001; Barrick & Mount, 
1991; Mount et al., 2006), many workplaces select based 
on stability-related traits. Such selection may happen both 
directly through selection assessment and indirectly through 
employment history (e.g., very low stability individuals 
may be less likely to maintain long-term employment). In 
contrast, research on the inhibitory effect in criminology 
most commonly focuses on adolescents. Not only does self-
control increase throughout adolescence, but self-control 
in adolescence is related to work outcomes among adults 
(Allemand et al., 2019). Thus, we would expect samples 
of working adults to have higher mean-level stability than 
broad samples of adolescents.

These mean differences in samples may explain why, to 
date, evidence supports a main effect of GMA on deviance 
but not on CWB. If the inhibitory or negative effect of GMA 
on deviant behavior is in fact dependent on low levels of sta-
bility as hypothesized, an independent main effect of GMA 

may appear more consistently in samples in which stabil-
ity tends to be lower (e.g., adolescents) relative to samples 
in which stability is slightly higher (e.g., working adults). 
Thus, a main effect of GMA on deviance generally is not 
theoretically inconsistent with the broader interpretation of 
the inhibitory effect as conditioned on stability. In fact, the 
moderating effect of stability may clarify why, to date, evi-
dence supports a main effect of GMA on deviance generally 
but not CWB.

The Current Study

In the current study, we investigate the possible inhibitory, 
moderating influence of stability on the relationship between 
GMA and CWB. Importantly, a variety of other explanations 
have been proposed for why empirical evidence to date may 
not support a GMA-CWB relationship. These explanations 
do not necessarily conflict with the inhibitory interaction 
proposed in the current study. Thus, we address some of 
these concerns here.

One suggestion for why GMA and CWB have not shown 
the expected negative relationship in prior research is that 
relationship may vary depending on the sub-dimension 
of CWB (Gonzalez-Mulé et al., 2014). Although a wide 
variety of CWB dimensions have been considered (Cullen 
& Sackett, 2004; Spector et al., 2006), a two-dimensional 
structure that differentiates between interpersonally and 
organizationally targeted CWBs (CWB-I and CWB-O, 
respectively) is generally most popular (Berry et al., 2007; 
Sackett et al., 2006). Scholars have suggested that differen-
tial relationships between GMA and CWB subtypes might 
obscure a direct relationship between GMA and overall 
CWB (Gonzalez-Mulé et  al., 2014). This same logic 
also extends to a GMA-stability interaction; differential 
interactive efffects for the CWB subtypes may obscure an 

Fig. 1  Expected relationship 
between GMA and CWB mod-
erated by meta-trait stability 
(i.e., composite of Conscien-
tiousness, Agreeableness, and 
Emotional Stability)
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interactive effect on overall CWB. Alternatively, there may 
also be evidence of GMA-stabiltiy interaction for overall 
CWB if only one of the the subtypes shows evidence of an 
interaction but that effect is particularly strong.

Notably, some limited research has already tested 
related versions of this GMA-stability interaction with 
mixed support. Differences in findings may be in part 
attributable to different criteria. Postlethwaite et al. (2009) 
found that GMA showed the strongest relationship with 
safety behavior among low-conscientiousness individuals. 
On the other hand, Ayduk et al. (2007) found that verbal 
intelligence showed a stronger relationship with aggres-
sion among boys with high self-regulation strategies. In 
this case, aggression is more like CWB-I than CWB-O, 
whereas safety behavior is more like CWB-O than CWB-I, 
suggesting that GMA may show differential relationships 
with CWB depending on the target. Thus, these findings 
are somewhat consistent with the suggestion by prior 
researchers that the GMA-CWB relationship varies by 
CWB subdimension.

Still, research to date is not clear on the theoretical ration-
ale for whether GMA should show a stronger relationship 
with CWB-I or CWB-O, and there is no empirical evidence 
for one over the other. Indeed, in their meta-analysis Gon-
zalez-Mulé et al. (2014) provided rationales for how GMA 
may inhibit both CWB subtypes, and a GMA-stability inter-
action may similarly exist for either subtype. For example, a 
stronger CWB-O relationship may suggest that high-GMA 
individuals have an easier time anticipating the long-term 
consequences of CWB-O. Alternatively, a stronger CWB-I 
relationship may suggest that high-GMA individuals rec-
ognize that CWB-I is more readily observed and therefore 
problematic. In either case, GMA acts to inhibit CWB. Thus, 
because differential effects by CWB subtype might affect an 
overall interaction, in addition to considering an interaction 
between GMA and stability in overall CWB, we also con-
sider such an interaction for CWB-I and CWB-O separately.

Research Question 1: Does the interactive influence 
of GMA and meta-trait stability differ by CWB subtype 
(CWB-I and CWB-O)?

Similarly, just as there may be differences in a GMA-
stability interaction by CWB subtypes, there may also be 
differences in how the three lower-order traits (i.e., consci-
entiousness, agreeableness, and emotional stability) interact 
with GMA. As with CWB subtype, differential trait-level 
relationships may obscure an interaction between GMA and 
the meta-trait stability. Conversely, if one trait shows a par-
ticularly strong interaction with GMA, that interaction may 
mask null effects for the other lower-order traits.

Still, the theoretical argument proposed here for an inter-
action between GMA and meta-trait stability does not draw a 

distinction between the three traits. That is, our argument for 
the moderating influence of stability focuses on the overall 
functional mechanism of the meta-trait (i.e., prohibition of 
impulses and prioritization of long-term goals) and not the 
unique functions of the individual traits. It is not a priori 
apparent why GMA would differentially interact with the 
traits in predicting CWB. We expect individuals with low 
conscientiousness, low agreeableness, and low emotional 
stability to all benefit from high GMA in curbing CWB.

Moreover, although there is some evidence that consci-
entiousness and agreeableness show stronger relationships 
with CWB-O and CWB-I, respectively, both traits still 
show moderately strong relationships with both CWB sub-
types (Berry et al., 2007). Additionally, emotional stability 
shows similar relationships with both subtypes and, most 
importantly, all three traits show relationships with overall 
CWB. Thus, we do not see a meaningful conceptual distinc-
tion between these three traits under our outlined theoreti-
cal approach and believe that the meta-trait stability is an 
appropriate construct level for the current theory (Ones & 
Viswesvaran, 1996).

Nonetheless, if differential effects at the lower-trait level 
do exist, they are likely to be obscured at the meta-trait 
level. Further, no prior work has examined the relation-
ship between the meta-trait stability and CWB. Although 
we believe that there is a strong theoretical rationale and 
empirical rationale (because all three lower-order traits are 
negatively related to CWB) for the importance of stability 
in predicting CWB, it is possible that a moderating effect 
of stability may be explained by only one or two of these 
lower-order traits. To evaluate the extent to which the inter-
action proposed here is driven by the overall meta-trait of 
stability rather than specific lower-order components, we 
consider the possibility that the traits comprising stability 
differentially moderate the GMA-CWB relationship in an 
exploratory research question.

Research Question 2: Do the three traits comprising the 
meta-trait stability (i.e., conscientiousness, agreeableness, 
and emotional stability) moderate the GMA-CWB rela-
tionship in the same way as meta-trait stability?

Finally, another popular explanation for the lack of a 
GMA-CWB relationship is differential detection (Marcus 
et  al., 2009). The differential detection hypothesis sug-
gests that a negative GMA-deviance correlation might be 
expected because higher GMA individuals are less likely 
to be detected when engaging in deviant behavior relative 
to lower GMA individuals, not because they are less likely 
to engage in deviant behavior (Moffitt & Silva, 1988). This 
argument suggests that GMA would show a negative rela-
tionship with objective and other-rated CWB (e.g., supervi-
sor reports) but not necessarily self-reported CWB.
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To account for the possible influence of differential 
detection, we use self-reported CWBs only. Self-reported 
CWB limits the potential confounds of differential detec-
tion because it affords a more direct test of whether high-
GMA individuals engage in less CWB than do other-reports, 
which test for differences in detection. Moreover, Berry et al. 
(2012) found that self-reports are not inferior to other-reports 
of CWB. In fact, self-reported CWB frequency tends to be 
slightly higher than other-reported CWB frequency. Further, 
we utilize samples of employees from Amazon Mechanical 
Turk (MTurk), as opposed to employees at a specific organi-
zation, to increase anonymity safeguards. Whereas research 
conducted in partnership with specific organizations may 
lead respondents to believe their data could be shared with 
a superior, MTurk participants have no reason to believe that 
their information will be shared with employers.

Thus, we utilize two samples of self-report data from 
large samples of full-time employees in a variety of occupa-
tional contexts via MTurk. Across both samples, we investi-
gate the interactive influence of GMA and stability on CWB, 
including both CWB-I and CWB-O as mentioned above, and 
consider possible differential interactions at the trait-level.

Method

Samples

Participants in both samples were recruited through Ama-
zon Mechanical Turk (MTurk). To qualify, participants were 
required to be working full-time, living in the United States, 
at least 18 years old, and able to read English. Qualifications 
were determined based on self-report. Sample 1 data was 
collected in May 2016 and participants were compensated 

$0.75 for an approximately 30-min survey. Sample 2 data 
was collected in March 2020, and compensation was raised 
to $3.00 for an approximately 30-min survey. Participants 
were removed prior to analysis for incomplete responses and 
evidence of inattentive responding (e.g., attention checks, 
unreasonable response times, and in Sample 2 illogical 
responses to open-ended questions intended to verify that 
participants understood English). After this screening, 60% 
of respondents in Sample 1 were retained for a final sam-
ple of 1,412 participants (Mage = 34.20, 66% female, 78% 
white). Sample 1 data have been previously published (see 
data transparency index for details). In Sample 2, 74% of 
participants were retained for a final sample of 1,241 par-
ticipants (Mage = 37.65, 46% female, 74% white).

Measures and Scoring

Prior research has demonstrated that using item response 
theory (IRT)-based estimates in moderated multiple regres-
sion reduces Type 1 error rates relative to using sum-scores 
(Morse et al., 2012). More recently, researchers have also 
demonstrated that appropriately matching the IRT model to 
the corresponding response process is essential for reduc-
ing Type 1 error (e.g., ideal point versus dominance; Cao 
et al., 2018; Carter et al., 2014, 2017). Thus, in the cur-
rent study, all measures are scored using appropriate item 
response theory (IRT) models. We note the rationale for each 
model choice below. Tables 1 and 2 display model-data fit 
statistics for all IRT-scored variables in Sample 1 and 2, 
respectively. All goodness of fit indices are based on the 
 M2 statistic, which is analogous to the χ2 statistic in CFA 
models but is more appropriate for categorical models such 
as IRT (Maydeu-Oliveraes & Joe, 2014).

Table 1  Model-data fit statistics for IRT-scored variables in Sample 1

N = 1,412; GMA General mental ability; CWB Counterproductive work behavior; CWB-I Interpersonal CWB; CWB-O Organizational CWB; 
GGUM Generalized graded unfolding model; 2PL Two-parameter logistic model; GRM Graded response model; M2 Limited information good-
ness-of-fit test statistic; RMSEA Root mean square error of approximation; TLI Tucker-Lewis Index; CFI Comparative fit index;  rxx = IRT-based 
marginal reliability. a  C2 statistics used due to low degrees of freedom

RMSEA 95% 
CI

Variable Model M2 df RMSEA Low High SRMSR TLI CFI rxx % Items 
RMSEA > 0.05

Conscientiousness (9 items)a GGUM 365.34 18 0.117 0.107 0.128 0.101 0.963 0.976 0.89 0%
Agreeablenessa GGUM 1066.58 25 0.172 0.163 0.181 0.218 0.898 0.927 0.84 10%
Emotional  Stabilitya GGUM 610.85 25 0.129 0.120 0.138 0.112 0.930 0.950 0.94 0%
GMA 2PL 225.62 119 0.025 0.010 0.030 0.044 0.981 0.983 0.71 0%
CWB-Ia GRM 64.53 14 0.051 0.038 0.063 0.034 0.991 0.994 0.77 0%
CWB-Oa GRM 583.23 54 0.083 0.078 0.090 0.067 0.946 0.956 0.83 0%
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Sample 1

General Mental Ability Cognitive ability was assessed with 
a subset of the Sandia Matrices items (Matzen et al., 2010), 
which are free nonverbal matrix-type problems designed 
similarly to the proprietary Raven’s Progressive Matrices 
(Raven et al., 1998). Respondents are asked to select an 
image that completes a pattern. Participants completed a 
subset of items selected to reflect a range of difficulty levels 
and item-types (Matzen et al., 2010). In their norming study, 
Matzen et al. (2010) identified a reliability coefficient that 
exceeded that of the Standard Progressive Matrices on which 
the Sandia Matrices were based (Sandia Matrices, α = 0.76; 
Standard Progressive Matrices, α = 0.73).

Answers were coded dichotomously as either correct or 
incorrect and scored with the two-parameter logistic (2PL) 
item response theory (IRT) model, which is appropriate 
for such dichotomously scored items (Embretson & Reise, 
2000). After removing items that demonstrated inappropri-
ate fit or item parameters, a final set of 17 items was used 
to estimate GMA scores. Absolute and relative fit indi-
ces suggested excellent model-data fit (RMSEA = 0.025, 
TLI = 0.98, CFI = 0.98) for the final set of Sandia Matrices 
items scored with the 2PL.

Personality Conscientiousness, agreeableness, and emo-
tional stability were measured using 10-item scales from 
the International Personality Item Pool (Goldberg et al., 
2006) designed to reflect those in the Revised NEO Per-
sonality Inventory (Costa & McCrae, 1992). Respondents 
indicated the extent to which they agreed that an item 
describes them accurately on a scale of 1 = “strongly disa-
gree” to 5 = “strongly agree.” Consistent with prior research 

that suggests ideal point IRT models more accurately repre-
sent responses to Likert-type personality measures than do 
dominance measures (LaPalme et al., 2018), the generalized 
graded unfolding model (GGUM) was used to score all per-
sonality scales (Roberts et al., 2000). Notably, due to low 
degrees of freedom,  C2 fit statistics were calculated (Monroe 
& Cai, 2015). Although absolute fit indices were high for all 
measures (RMSEA > 0.08), relative fit indices suggest good 
model-data fit (TLI & CFI > 0.90) for all three personality 
measures (Hu & Bentler, 1999). Absolute fit indices may be 
inappropriate due to low degrees of freedom in the current 
models and the use of the  C2 statistic. Moreover, marginal 
reliability was adequate for all three measures. Item-level 
RMSEA indicated adequate fit for agreeableness and emo-
tional stability but poor fit for the conscientiousness measure 
(Lee & Luna-Bazaldua, 2019). Consequently, after review-
ing item properties, one item with extreme item parameters 
(“I do just enough to get by”) was removed. After remov-
ing this item, item-level RMSEA suggested adequate fit of 
the conscientiousness measure. Thus, we proceeded with 
a 9- rather than 10-item measure of conscientiousness. An 
overall stability composite was created by standardizing and 
then averaging the three IRT-estimated scores for conscien-
tiousness, agreeableness, and emotional stability.

Counterproductive Work Behavior CWB was measured 
using the popular Workplace Deviance Measure (Bennett 
& Robinson, 2000), which subdivides CWB into CWB-I and 
CWB-O. The Workplace Deviance Measure asks respond-
ents to indicate the frequency with which they engage in a 
variety of behaviors on a scale of 1 = “never” to 7 = “daily.” 
Because the Workplace Deviance Measure is a behavior 
frequency measure, the graded response model (GRM) was 

Table 2  Model-data fit statistics for IRT-scored variables in Sample 2

N = 1,241; GMA General mental ability; CWB Counterproductive work behavior; CWB-I Interpersonal CWB; CWB-O Organizational CWB; 
GGUM Generalized graded unfolding model; 2PL Two-parameter logistic model; GRM Graded response model; M2 Limited information good-
ness-of-fit test statistic; RMSEA Root mean square error of approximation; TLI Tucker-Lewis Index; CFI Comparative fit index.;  rxx = IRT-based 
marginal reliability
a   C2 statistics used due to low degrees of freedom
b  average reliability across factors

RMSEA 95% CI

Variable Model M2 df RMSEA Low High SRMSR TLI CFI rxx % Items 
RMSEA > 0.05

Conscientiousness GGUM 2622.07 132 0.123 0.119 0.128 0.244 0.938 0.947 0.94 0%
Agreeableness GGUM 767.01 132 0.062 0.058 0.067 0.129 0.976 0.980 0.97 0%
Emotional stability GGUM 1137.39 132 0.078 0.074 0.083 0.088 0.960 0.966 0.97 0%
GMA (spatial) 2PL 115.71 35 0.043 0.035 0.051 0.038 0.958 0.967 0.71 0%
GMA (verbal) 2PL 57.95 26 0.032 0.021 0.042 0.034 0.970 0.978 0.62b 0%
CWB-Ia GRM 72.88 14 0.058 0.045 0.072 0.028 0.993 0.995 0.80 0%
CWB-Oa GRM 771.92 54 0.104 0.097 0.110 0.066 0.963 0.970 0.89 0%
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used to score CWB (Samejima, 1997). CWB-I and CWB-O 
subdimensions were scored separately and then averaged to 
derive an overall score for CWB.

Sample 2

General Mental Ability Two measures of GMA were admin-
istered in Sample 2. As in Sample 1, a subset of Sandia 
Matrices items was administered (Matzen et al., 2010). 
Participants completed a 10-item measure designed to rep-
resent items with a range of difficulties and appropriate 
item parameters (Harris et al., 2020). Because the Sandia 
Matrices are matrix-completion problems and may there-
fore primarily reflect spatial reasoning, participants also 
completed a 9-item2 verbal GMA measure comprised of 
verbal reasoning as well as letter and number series (i.e., 
choosing the next letter or number to complete a sequence) 
item types from the International Cognitive Ability Resource 
(The International Cognitive Ability Resource Team, 2014). 
Answers to both the Sandia Matrices and ICAR items were 
coded dichotomously as either correct or incorrect and 
scored with the 2PL IRT model. The verbal measure was 
scored using a 2-factor model in which verbal reasoning and 
series items comprised separate factors that were allowed 
to covary. Both absolute and relative fit statistics indicated 
excellent model-data fit for the Sandia Matrices measure 
(RMSEA = 0.043, TLI = 0.96, CFI = 0.97) and the final set 
of ICAR items (RMSEA = 0.032, TLI = 0.97, CFI = 0.98). 
An overall GMA composite was created by standardizing 
and then averaging the IRT-estimated scores for both GMA 
measure types.3

Personality Conscientiousness, agreeableness, and emo-
tional stability were measured using the IPIP-120 (Maples 
et al., 2014), a free measure of the FFM. The IPIP-120 is 
a 120-item self-report measure similar to the NEO PI-R 
(Costa & McCrae, 1992) with 24 items per trait. Respond-
ents indicated the extent to which they agree that an item 
describes them accurately on a scale of 1 = “strongly disa-
gree” to 6 = “strongly agree.” As in Sample 1, traits were 
scored using the GGUM, and an overall stability compos-
ite was created by averaging the three scores. Absolute fit 

indices were again somewhat high, likely due to low degrees 
of freedom. However, all other fit indices suggested good 
model-data fit for all three personality measures.

Counterproductive Work Behavior As in Sample 1, CWB 
was measured using the Workplace Deviance Measure (Ben-
nett & Robinson, 2000). Subdimensions were scored using 
the GRM and then averaged to create and overall CWB 
composite.

Data Analysis

Moderated multiple regression models were estimated for 
each of the criterion variables (overall CWB, CWB-O, and 
CWB-I) using the lavaan package in R (Rosseel, 2012). The 
lavaan package allows regression models to be estimated 
using maximum likelihood with robust standard errors 
(MLR). MLR estimation was used to account for non-
normal distribution of CWB (positive skew is common in 
deviance research, including CWB; Guay et al., 2016; Pen-
ney & Spector, 2005; van Zyl & de Bruin, 2018). First, we 
present results for our hypothesis concerning the interactive 
influence of stability and GMA on overall CWB. Consist-
ent with best practices in directional hypothesis testing, 
reported p-values are one-tailed (Cho & Abe, 2013). Then, 
we present results regarding a GMA-stability interaction for 
the two CWB subdimensions, CWB-I and CWB-O (RQ1). 
Finally, we present results for interactions between the trait-
level personality terms (conscientiousness, agreeableness, 
and emotional stability) and GMA for overall CWB (RQ2). 
P-values for these exploratory analyses are two-tailed.

Additionally, for each model presented here, we also 
tested models in which quadratic terms for each variable 
were included to account for possible collinearity and result-
ant Type 1 and Type 2 error (Cortina, 1993). In no case 
did including quadratic terms affect the significance of find-
ings. Thus, only the results of models without such terms are 
presented for the sake of clarity. Sensitivity analyses were 
conducted using G*Power (Faul et al., 2009) and suggested 
that given sample sizes of N1 = 1,412 and N = 1,241, both 
samples were powered to detect an effect size (∆R2 attribut-
able to the interaction) of 0.006.

To illustrate the size of the proposed moderation effect, 
we provide both a traditional index, ∆R2, and an alternative 
effect size index recently proposed by Liu and Yuan (2020), 
∆R2

mo. Liu and Yuan argue that ∆R2
mo is a more concep-

tually appropriate representation of true moderation effect 
size. Consider a statistical moderation in which the relation-
ship between predictor X and outcome Y varies as a function 
of moderator Z. Typically, tests of moderation aim to answer 
the question, “How does the relationship between X and Y 
vary as a function of Z?” However, Liu and Yuan (2020) 
suggest that traditional indices such as ∆R2 do not directly 

2 A 10-item verbal measure was administered. However, to due to an 
error in administration for one of the items, only 9-items were used to 
score verbal GMA.
3 To evaluate whether intelligence type may have affected findings, 
we also estimated separate models for an interaction between stabil-
ity and verbal intelligence and an interaction between stability and 
fluid intelligence (i.e., spatial measure). Results for fluid and verbal 
intelligence were not notably different from each other, nor were they 
different from results using the average of both intelligence types pre-
sented in-text.
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answer this question. ∆R2 reflects the variance in Y uniquely 
attributed to the product term XZ, divided by the total vari-
ance of Y. Liu and Yuan suggest that a true index of mod-
eration should be based not on total variance but rather “the 
varying relationship between X and Y, or the variance of Y 
related to X that is further explained by moderator Z” (2020, 
p. 682). The proposed effect size of ∆R2

mo reflects this more 
appropriate baseline variance, in which mo denotes “mod-
eration.” Notably, the use of the larger denominator in ∆R2 
(i.e., total variance) is one reason that moderation studies 
typically report very small effect sizes (Aguinis et al., 2005).

Due to these limitations of ∆R2 for demonstrating the 
meaningful impact of moderation effect sizes, we report both 
∆R2 and the newly proposed ∆R2

mo. In the current study, 
∆R2 represents the proportion of variance in the CWB cri-
terion accounted for by the multiplicative GMA-personality 
term (e.g., GMA by stability, GMA by conscientiousness, 
etc.). In contrast, ∆R2

mo represents the variability in the 
GMA-CWB relationship that is accounted for by the per-
sonality term and thus speaks directly to the extent to which 
the GMA-CWB relationship is best understood as dependent 
on personality.

Finally, we probe all interactions by calculating 95% 
confidence intervals (CIs) using the Johnson-Neyman (JN) 
technique (Bauer & Curran, 2005). Results of simple slopes 
are also shown for illustrative purposes. Alpha values in JN 
technique and p-values in simple slopes tests were Bonfer-
roni corrected to account for the additional significance tests 
(Bauer & Curran, 2005).

Results

CWB Predicted by Stability

Tables 3 and 4 show descriptive statistics for all predic-
tor and criteria variables in samples 1 and 2, respectively. 
Tables 5 and 6 show correlations for all predictor and criteria 
variables in samples 1 and 2, respectively. In both datasets, 
CWB was heavily skewed toward low reports of CWB (i.e., 
skewness of CWB was 0.42 in Sample 1 and 0.46 in Sample 
2, indicating a positive, right-skewed distribution in both 
samples).4 As noted above, positive skew is typical of CWB 
data (Guay et al., 2016; Penney & Spector, 2005; van Zyl 
& de Bruin, 2018). To test our hypothesis that the meta-
trait stability moderates the GMA-CWB relationship, we 
ran moderated multiple regression models for overall CWB 
predicted from stability and GMA using MLR estimation to 

account for non-normal distribution. Notably, results sug-
gest that effect sizes in both samples were very close to or 
exceeded those the study was powered to detect based on 
sensitivity analyses.

Results of moderated multiple regression models for 
overall CWB predicted from stability and GMA are shown 
in Table 7 for both samples. Figure 2 illustrates these results 
in both samples. In Sample 1, results showed a significant 
interactive effect of stability and GMA on overall CWB 
(b = 0.07, p = 0.002). In Sample 2, results showed a signifi-
cant interactive effect of stability and GMA on overall CWB 
(b = 0.14, p < 0.001). Thus, both samples showed evidence 
of a significant GMA-stability interaction for overall CWB. 
As noted above, researchers have previously argued that 
although ∆R2 is traditionally used as an index of interaction 
effect size, it yields misleadingly small effect sizes that make 
interpretation difficult. Indeed, the values of ∆R2 found here 
(see Table 7) are slightly larger than the median effect size 
for interactions reported by Aguinis et al. (2005). Thus, we 
report the recently proposed index ∆R2

mo. We also report 
total  R2 for context. In Sample 1, inclusion of the meta-trait 
stability accounted for 77.8% of the variability in the rela-
tionship between GMA and CWB (i.e., ∆R2

mo). The total 
proportion of variance explained by the model (i.e.,  R2) was 
27.5%. In Sample 2, stability accounted for 35.2% percent of 
the variability in the relationship between GMA and CWB, 

Table 3  Descriptive statistics for variables in Sample 1

Composite variables were created by z-scoring and then averaging 
component variables. N = 1,412; GMA General mental ability; CWB 
Counterproductive work behavior; CWB-I Interpersonal CWB; CWB-
O Organizational CWB; 2PL Two-parameter logistic model; GGUM 
Generalized graded unfolding model; GRM Graded response model; 
Sum Traditional sum-scoring approach (average); Min. Minimum; 
Max. Maximum

Variable Scoring M SD Min Max

GMA 2PL 0.00 0.85 -2.81 1.94
sum 0.61 0.17 0.00 1.00

Conscientiousness GGUM 0.00 0.95 -2.98 2.11
sum 3.74 0.75 1.22 5.00

Agreeableness GGUM 0.00 0.92 -2.92 2.25
sum 3.71 0.64 1.60 5.00

Emotional stability GGUM 0.00 0.94 -3.62 3.47
sum 3.41 0.92 1.00 5.00

Stability GGUM composite 0.00 0.75 -2.56 2.45
sum composite 0.00 0.76 -2.55 1.82

CWB-I GRM 0.00 0.89 -1.03 3.58
sum 1.85 1.08 1.00 7.00

CWB-O GRM 0.00 0.91 -1.60 2.87
sum 2.11 0.92 1.00 6.00

CWB GRM composite 0.00 0.90 -1.45 3.48
sum composite 0.00 0.91 -1.00 4.10

4 We also ran a z-test to compare the proportion of “never” endorse-
ment in Sample 1 (7.30%) and Sample 2 (9.36%) and found no sig-
nificant difference, z = -1.92, p = .059.
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and the total proportion of variance explained by the model 
was 17.3%.

Additionally, because our hypothesis specified that the 
effect of GMA on overall CWB would be negative among 
low- but not high-stability results, we calculated the JN CIs 
to determine at what levels of stability the effect of GMA 
on CWB was significant (Table 8). The effect of GMA on 

CWB was significant outside the JN 95% CI [-0.58, 1.54] in 
Sample 1 and [0.80, 1.87] in Sample 1. Specifically, as illus-
trated in Fig. 2, the effect of GMA on CWB was negative 
and significant at low levels of stability across both samples.

CWB Subdimensions Predicted by Stability

RQ1 inquired whether the interactive effect of GMA and 
stability may differ by CWB subdimension. Results of mod-
erated multiple regression models for CWB subdimensions 
predicted from stability and GMA are shown in Table 9 for 
samples 1 and 2. Figure 3 illustrates these results in Sample 
1, and Fig. 4 illustrates these results in Sample 2. In Sample 
1, the results showed a significant interactive effect of sta-
bility and GMA on CWB-I (b = 0.06, p = 0.011) as well as 
CWB-O (b = 0.07, p = 0.005). In Sample 2, results showed a 
significant interactive effect of stability and GMA on CWB-I 
(b = 0.15, p < 0.001) as well as CWB-O (b = 0.12, p < 0.001).

In Sample 1, inclusion of the meta-trait stability 
accounted for 45.9% of the variability in the relationship 
between GMA and CWB-I  (R2 = 0.114) and accounted for 
99.5% of the variability in the relationship between GMA 
and CWB-O  (R2 = 0.171). In Sample 2, stability accounted 
for 33.5% percent of the variability in the relationship 
between GMA and CWB-I  (R2 = 0.230) and accounted for 
37.6% percent of the variability in the relationship between 
GMA and CWB-O  (R2= 0.256). Table 10 shows JN 95% 
CIs and results of simple slopes tests for the effect of GMA 
on CWB subdimensions in both samples. For CWB-I, the 
effect of GMA on CWB was significant outside the JN 95% 
CI [-0.12, 7.91] in Sample 1 and [0.82, 1.97] in Sample 2 
such that there was a negative effect of GMA on CWB-I at 
low levels of stability across both samples.

In contrast, results for CWB-O differed across samples. 
In Sample 1, the effect of GMA on CWB-O was significant 
outside the JN 95% CI [-2.37, 1.06] such that there was no 
negative effect of GMA on CWB at low levels of stability. 

Table 4  Descriptive statistics for variables in Sample 2

Composite variables were created by z-scoring and then averaging 
component variables. N = 1,241; GMA General mental ability; CWB 
Counterproductive work behavior; CWB-I Interpersonal CWB; CWB-
O Organizational CWB; 2PL Two-parameter logistic model; GGUM 
Generalized graded unfolding model; GRM Graded response model; 
Sum Traditional sum-scoring approach (average); Min. Minimum; 
Max. Maximum

Variable Scoring M SD Min Max

GMA (spatial) 2PL 0.00 0.84 -1.98 1.65
sum 0.51 0.22 0.00 1.00

GMA (verbal) 2PL 0.00 0.76 -1.77 1.53
sum 0.53 0.23 0.00 1.00

GMA 2PL composite 0.00 0.88 -2.33 1.98
sum composite 0.00 0.87 -2.33 2.15

Conscientiousness GGUM 0.00 0.95 -2.22 4.85
sum 4.49 0.77 2.12 6.00

Agreeableness GGUM -0.01 0.94 -2.19 2.68
sum 4.26 0.69 1.83 6.00

Emotional Stability GGUM 0.00 0.96 -2.71 3.06
sum 4.02 0.93 1.42 6.00

Stability GGUM composite 0.00 0.81 -2.44 2.76
sum composite 0.00 0.83 -2.76 2.09

CWB-I GRM 0.00 0.92 -1.03 2.44
sum 2.06 1.41 1.00 6.71

CWB-O GRM 0.00 0.95 -1.63 2.48
sum 2.44 1.30 1.00 6.58

CWB GRM composite 0.00 0.94 -1.43 2.47
sum composite 0.00 0.96 -0.93 3.10

Table 5  Correlations for 
variables in Sample 1

N = 1,412; GMA General mental ability; CWB Counterproductive work behavior; CWB-I Interpersonal 
CWB; CWB-O Organizational CWB
*p < 0.05. **p < 0.01. ***p < 0.001

Variable 1 2 3 4 5 6 7

1. GMA
2. Conscientiousness -0.04
3. Agreeableness 0.10*** 0.37***

4. Emotional stability 0.00 0.38*** 0.26***

5. Stability 0.03 0.78*** 0.73*** 0.73***

6. CWB-I -0.07** -0.22*** -0.36*** -0.15*** -0.33***

7. CWB-O -0.02 -0.39*** -0.29*** -0.23*** -0.41*** 0.62***

8. CWB (overall) 0.05 -0.34*** -0.36*** -0.21*** -0.41*** 0.90*** 0.90***
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Table 6  Correlations for 
variables in Sample 2

N = 1,241; GMA General mental ability; CWB Counterproductive work behavior; CWB-I Interpersonal 
CWB; CWB-O Organizational CWB; Stab. Stability; Consc. Conscientiousness; Agr. Agreeableness; ES 
Emotional stability
*p < 0.05. **p < 0.01. ***p < 0.001

Variable 1 2 3 4 5 6 7 8 9

1. GMA (spatial)
2. GMA (verbal) 0.54***

3. GMA 0.88*** 0.88***

4. Consc 0.17*** 0.07** 0.14***

5. Agr 0.08** 0.03 0.06* 0.46***

6. ES 0.07** 0.06* 0.08** 0.62*** 0.36***

7. Stab 0.13*** 0.07* 0.11*** 0.86*** 0.75*** 0.82***

8. CWB-I -0.28*** -0.15*** -0.24*** -0.45*** -0.27*** -0.28*** -0.41***

9. CWB-O -0.21*** -0.13*** -0.20*** -0.53*** -0.25*** -0.36*** -0.47*** 0.76***

10. CWB -0.26*** -0.15*** -0.23*** -0.52*** -0.28*** -0.34*** -0.47*** 0.94*** 0.94***

Table 7  Results of regression 
analyses for CWB predicted by 
stability and GMA

Models were also run in which quadratic terms were included for all predictors per Cortina (1993). In no 
case did inclusion of the quadratic term change the significance of the interaction term. Consistent with 
directional hypothesis testing, p-values are one-tailed. N1 = 1,412; N2 = 1,241; GMA General mental ability; 
CWB Counterproductive work behavior; Stab. Stability

Variable Sample 1 Sample 2

CWB CWB

b SE p b SE p

Intercept 0.00 0.02 0.470 -0.02 0.02 0.254
GMA -0.03 0.03 0.161 -0.17 0.02  < 0.001
Stab -0.40 0.02  < 0.001 -0.44 0.02  < 0.001
Stab. x GMA 0.07 0.02 0.002 0.14 0.03  < 0.001
R2 (∆R2) 0.173 (0.005) 0.275 (0.018)
∆R2

mo 0.778 0.352

Fig. 2  Effect of GMA on CWB 
moderated by stability in sam-
ple 1 (left) and sample 2 (right). 
Note. Johnson-Neyman 95% CI 
[-0.58, 1.54] in Sample 1 and 
[0.80, 1.87] in Sample 2; effect 
of GMA on CWB is signifci-
ant at stability levels outside 
the confidence interval. Black 
lines indicate significant simple 
slopes. Gray lines indicate 
non-significant simple slopes. 
Stab. = stability. GMA = general 
mental ability. CWB = counter-
productive work behavior
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Table 8  Results of simple slope 
tests for the effect of GMA on 
CWB at low, average, and high 
levels of stability

Note. 95% confidence interval applies JN technique to continuous variables (see Bauer & Curran, 2005). 
When the respective personality trait is outside the confidence interval, the slope of general mental abil-
ity (GMA) is significant. Low indicates 1 standard deviation below the mean; high indicates one standard 
deviation above the mean. JN alpha and simple slopes p-values are Bonferroni corrected (Bauer & Curran, 
2005). N1 = 1,412; N2 = 1,241; CWB Counterproductive work behavior

Level of Stability Sample 1 Sample 2

CWB CWB

b SE p b SE p

Low (-1 SD) -0.09 0.04 0.019 -0.31 0.04  < 0.001
Average -0.03 0.03 0.161 -0.17 0.02  < 0.001
High (+ 1 SD) 0.04 0.03 0.201 -0.03 0.03 0.397
95% CI [-0.58, 1.54] [0.80, 1.87]

Table 9  Results of regression 
analyses for CWB-I and 
CWB-O predicted by stability 
and GMA

Models were also run in which quadratic terms were included for all predictors per Cortina (1993). In no 
case did inclusion of the quadratic term change the significance of the interaction term. P-values are two-
tailed. N1 = 1,412; N2 = 1,241; GMA General mental ability; CWB Counterproductive work behavior; CWB-
I Interpersonal CWB; CWB-O Organizational CWB; Stab. Stability

Variable CWB-I CWB-O

b SE p b SE p

Sample 1
  Intercept 0.00 0.03 0.952 0.00 0.02 0.941
  GMA -0.06 0.03 0.041 0.01 0.03 0.840
  Stab -0.32 0.02  < 0.001 -0.40 0.03  < 0.001
  Stab. x GMA 0.06 0.02 0.011 0.07 0.02 0.005
   R2 (∆R2) 0.114 (0.003) 0.171 (0.005)
  ∆R2

mo 0.459 0.995
Sample 2

  Intercept -0.02 0.03 0.501 -0.01 0.02 0.590
  GMA -0.18 0.02  < 0.001 -0.13 0.03  < 0.001
  Stab -0.38 0.02  < 0.001 -0.45 0.02  < 0.001
  Stab. x GMA 0.15 0.02  < 0.001 0.12 0.03  < 0.001
   R2 (∆R2) 0.230 (0.020) 0.256 (0.012)
  ∆R2

mo 0.335 0.376

Fig. 3  Effect of GMA on 
CWB-I (left) and CWB-O 
(right) moderated by stability 
in sample 1. Note. Johnson-
Neyman 95% CI [-0.12, 7.91] 
in Sample 1 and [-2.37, 1.06] 
in Sample 2; effect of GMA on 
CWB is signifciant at stability 
levels outside the confidence 
interval. Black lines indicate 
significant simple slopes. Gray 
lines indicate non-significant 
simple slopes. Stab. = stability. 
GMA = general mental ability. 
CWB = counterproductive work 
behavior. CWB-I = interper-
sonal CWB. CWB-O = organi-
zational CWB
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Rather, there was a positive effect of GMA on CWB at 
high levels of stability. In Sample 2, the effect of GMA on 
CWB-O was significant outside the JN 95% CI [0.57, 2.55] 
such that there was a negative effect of GMA on CWB at 
low levels of stability. Thus, whereas results for CWB-I were 
generally consistent across the two samples and consistent 
with the form of the interaction hypothesized for overall 
CWB, results for CWB-O differed by sample.

CWB Predicted by Lower‑order Traits

To explore RQ2 regarding whether traits comprising the 
meta-trait stability (conscientiousness, agreeableness, and 
emotional stability) differentially moderated the GMA-CWB 

relationship, moderated multiple regression analyses were 
also conducted for CWB at the trait-level in both samples. 
Table 11 shows results of these moderated multiple regres-
sion models for CWB predicted from GMA and conscien-
tiousness, agreeableness, and emotional stability in samples 
1 and 2. Figures 5 and 6 illustrate these interactions in Sam-
ple 1 and Sample 2, respectively. Table 12 shows JN 95% 
CIs and results of simple slopes tests for the effect of GMA 
on CWB in both samples. Trait-level results for CWB sub-
dimensions are included in Appendix 1.

Conscientiousness In Sample 1, there was a significant 
interactive influence of conscientiousness and GMA on 
overall CWB (b = 0.06, p = 0.021), and conscientiousness 

Fig. 4  Effect of GMA on 
CWB-I (left) and CWB-O 
(right) moderated by stability 
in sample 2. Note. Johnson-
Neyman 95% CI [0.82, 1.97] 
in Sample 1 and [0.57, 2.55] in 
Sample 2; effect of GMA on 
CWB is signifciant at stability 
levels outside the confidence 
interval. Black lines indicate 
significant simple slope. Gray 
lines indicate non-significant 
simple slopes. Stab. = stability. 
GMA = general mental ability. 
CWB = counterproductive work 
behavior. CWB-I = interper-
sonal CWB. CWB-O = organi-
zational CWB

Table 10  Results of simple 
slope tests for the effect of 
GMA on CWB-I and CWB-O 
at low, average, and high levels 
of stability

95% confidence interval applies JN technique to continuous variables (see Bauer & Curran, 2005). When 
the respective personality trait is outside the confidence interval, the slope of general mental ability (GMA) 
is significant. Low indicates 1 standard deviation below the mean; high indicates one standard deviation 
above the mean. JN alpha and simple slopes p-values are Bonferroni corrected (Bauer & Curran, 2005). 
P-values are two-tailed. N1 = 1,412; N2 = 1,241; CWB Counterproductive work behavior; CWB-I Interper-
sonal CWB. CWB-O Organizational CWB

CWB-I CWB-O

b SE p b SE p

Sample 1
  Low (-1 SD) -0.11 0.04 0.006 -0.06 0.04 0.264
  Average -0.06 0.03 0.042 0.01 0.03 0.840
  High (+ 1 SD) 0.00 0.03 1.000 0.07 0.03 0.058

95% CI [-0.12, 7.91] [-2.37, 1.06]
Sample 2
  Low (-1 SD) -0.33 0.04  < 0.001 -0.24 0.04  < 0.001
  Average -0.18 0.02  < 0.001 -0.13 0.03  < 0.001
  High (+ 1 SD) -0.04 0.03 0.482 -0.01 0.04 1.000

95% CI [0.82, 1.97] [0.57, 2.55]
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Table 11  Results of regression 
analyses for CWB predicted by 
lower-order traits and GMA

Models were also run in which quadratic terms were included for all predictors per Cortina (1993). In 
no case did inclusion of the quadratic term change the significance of the interaction term. P-values are 
two-tailed. N1 = 1,412; N2 = 1,241; GMA General mental ability; CWB Counterproductive work behavior; 
Consc. Conscientiousness; Agr. Agreeableness; ES Emotional stability

Variable Sample 1 Sample 2

CWB CWB

b SE p b SE p

Conscientiousness
  Intercept 0.00 0.03 0.930 -0.02 0.02 0.433
  GMA -0.05 0.03 0.067 -0.15 0.02  < 0.001
  Consc -0.34 0.03  < 0.001 -0.49 0.02  < 0.001
  Consc. x GMA 0.06 0.03 0.021 0.14 0.02  < 0.001
   R2 (∆R2) 0.123 (0.004) 0.318 (0.016)
  ∆R2

mo 0.502 0.379
Agreeableness

  Intercept -0.01 0.03 0.814 -0.01 0.03 0.771
  GMA 0.00 0.03 0.880 -0.21 0.03  < 0.001
  Agr -0.36 0.03  < 0.001 -0.29 0.03  < 0.001
  Agr. x GMA 0.06 0.03 0.021 0.12 0.03  < 0.001
   R2 (∆R2) 0.136 (0.004) 0.137 (0.013)
  ∆R2

mo 0.955 0.209
Emotional Stability

  Intercept 0.00 0.03 0.998 -0.01 0.03 0.663
  GMA -0.04 0.03 0.155 -0.19 0.03  < 0.001
  ES -0.20 0.03  < 0.001 -0.33 0.03  < 0.001
  ES x GMA 0.07 0.03 0.008 0.15 0.03  < 0.001
   R2 (∆R2) 0.053 (0.005) 0.181 (0.020)
  ∆R2

mo 0.692 0.317

Fig. 5  Effect of GMA on CWB moderated by Conscientiousness 
(left), Agreeableness (middle), and Emotional Stability (right) in 
Sample 1. Note. Johnson-Neyman 95% CI [-0.28, 24.03] for consci-
entiousness, [-10.08, 2.05] for agreeableness, [-0.50, 4.01] for emo-
tional stability; effect of GMA on CWB is signifciant at stability 

levels outside the confidence interval. Black lines indicate significant 
simple slope. Black lines indicate significant simple slope. Gray lines 
indicate non-significant simple slopes. GMA = general mental ability. 
CWB = counterproductive work behavior
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accounted for 50.2% of the variability in the relationship 
between GMA and CWB  (R2 = 0.123). In Sample 2, con-
scientiousness and GMA showed a significant interactive 
effect on CWB (b = 0.14, p < 0.001), and conscientiousness 
accounted for 37.9% of the variability in the relationship 
between GMA and CWB  (R2 = 0.318). The effect of GMA 
on CWB was significant outside the JN 95% CI [-0.28, 

24.03] in Sample 1 and [0.67, 1.89] in Sample 2 such that 
across both samples, the effect of GMA on CWB was nega-
tive at low levels of conscientiousness. Thus, across both 
samples, the form of the GMA-conscientiousness interaction 
was generally consistent with the form of the hypothesized 
GMA-stability interaction.

Fig. 6  Effect of GMA on CWB Moderated by Conscientiousness 
(left), Agreeableness (middle), and Emotional Stability (right) in 
Sample 2. Note. Johnson-Neyman 95% CI [0.67, 1.89] for conscien-
tiousness, [1.04, 3.08] for agreeableness, [0.83, 2.32] for emotional 

stability; effect of GMA on CWB is signifciant at stability levels out-
side the confidence interval. Black lines indicate significant simple 
slope. Gray lines indicate non-significant simple slopes. GMA = gen-
eral mental ability. CWB = counterproductive work behavior

Table 12  Results of simple 
slope tests for GMA on CWB at 
low, average, and high levels of 
lower-order traits

95% confidence interval applies JN technique to continuous variables (see Bauer & Curran, 2005). When 
the respective personality trait is outside the confidence interval, the slope of general mental ability (GMA) 
is significant. Low indicates 1 standard deviation below the mean; high indicates one standard deviation 
above the mean. JN alpha and simple slopes p-values are Bonferroni corrected (Bauer & Curran, 2005). 
P-values are two-tailed. N1 = 1,412; N2 = 1,241; CWB Counterproductive work behavior

Sample 1 Sample 2

CWB CWB

b SE p b SE p

Conscientiousness
  Low (-1 SD) -0.12 0.04 0.014 -0.28 0.04  < 0.001
  Average -0.05 0.03 0.067 -0.15 0.02  < 0.001
  High (+ 1 SD) 0.01 0.04 1.000 -0.02 0.03 1.000
  95% CI [-0.28, 24.03] [0.67, 1.89]

Agreeableness
  Low (-1 SD) -0.06 0.04 0.286 -0.33 0.05  < 0.001
  Average 0.00 0.03 0.880 -0.21 0.03  < 0.001
  High (+ 1 SD) 0.06 0.03 0.180 -0.09 0.04 0.030
  95% CI [-10.08, 2.05] [1.04, 3.80]

Emotional stability
  Low (-1 SD) -0.12 0.04 0.018 -0.34 0.04  < 0.001
  Average -0.04 0.03 0.156 -0.19 0.03  < 0.001
  High (+ 1 SD) 0.03 0.04 0.936 -0.05 0.04 0.362
  95% CI [-0.50, 4.01] [0.83, 2.32]
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Agreeableness In Sample 1, there was a significant inter-
active influence of agreeableness and GMA on overall 
CWB (b = 0.06, p = 0.021), and agreeableness accounted 
for 95.5% of the variability in the relationship between 
GMA and CWB  (R2 = 0.136). In Sample 2, agreeableness 
and GMA showed a significant interactive effect on CWB 
(b = 0.12, p < 0.001). Agreeableness accounted for 20.9% 
of the variability in the relationship between GMA and 
CWB  (R2 = 0.137). The effect of GMA on CWB was sig-
nificant outside the JN 95% CI [-10.08, 2.05] in Sample 
1 such that the effect of GMA on CWB was positive at 
very high levels of agreeableness. In contrast, the effect 
of GMA on CWB was significant outside the JN 95% CI 
[1.04, 3.80] in Sample 2, indicating that the effect of GMA 
on CWB was negative at low levels of agreeableness. 
Thus, the form of the GMA-agreeableness interaction 
was consistent with the form of the hypothesized GMA-
stability interaction in Sample 2 but not in Sample 1.

Emotional Stability In Sample 1, there was a signifi-
cant interactive influence of emotional stability on over-
all CWB (b = 0.07, p = 0.008), and emotional stability 
accounted for 69.2% of the variability in the relationship 
between GMA and CWB  (R2 = 0.053). In Sample 2, emo-
tional stability and GMA also showed a significant inter-
active effect on CWB (b = 0.15, p < 0.001), and emotional 
stability accounted for 31.7% of the variability in the rela-
tionship between GMA and CWB  (R2 = 0.181). The effect 
of GMA on CWB was significant outside the JN 95% CI 
[-0.50, 4.01] in Sample 1 and [0.83, 2.32] in Sample 2 
such that the effect of GMA on CWB was negative at low 
levels of emotional stability. Thus, across both samples, 
the form of the interaction between GMA and emotional 
stability was generally consistent with the form of the 
hypothesized GMA-stability interaction.

Discussion

Although researchers have commonly theorized that 
GMA should negatively predict CWB, empirical research 
has generally not supported such a relationship. Lack of 
empirical support for a negative GMA-CWB relationship 
is particularly surprising given widespread support for 
a negative link between GMA and deviance generally. 
In the current study, we aimed to clarify the relation-
ship between GMA and CWB by reframing the inhibitory 
effect of GMA on CWB as conditional on the meta-trait 
of stability.

Overall, results across both samples support the hypoth-
esis. Results showed a significant interactive effect of sta-
bility and GMA on overall CWB in both samples such that 
GMA showed a negative relationship with CWB among 
individuals with low but not high stability. That is, GMA 
only inhibits CWB among individuals who have disposi-
tional tendencies to engage in CWB. Further, we utilized a 
new index of moderation effect size, ∆R2

mo, that suggests 
a substantial portion of the variance in the GMA-CWB 
relationship is accounted for by these moderating effects. 
Thus, results further suggest that prior research may not have 
found consistent support for a negative GMA-CWB relation-
ship because it did not account for an interaction with key 
personality traits.

In addition to hypothesizing about the interactive influ-
ence of stability and GMA on overall CWB, we also posed 
two research questions. In RQ1 we investigated whether 
results may differ by CWB subdimension. Across both 
samples, results showed a significant interactive effect of 
stability and GMA on CWB-I that was consistent with the 
hypothesized interaction. However, results for CWB-O dif-
fered across the two samples. In Sample 1, results did not 
show a negative relationship between GMA and CWB-O 
among low stability individuals as hypothesized. Rather, the 
JN 95% CI revealed that at stability levels higher than 1.06 
SD above mean stability, the effect of GMA on CWB-O 
was positive. However, these results were not replicated in 
Sample 2. In Sample 2, there was a significant interactive 
effect of stability and GMA on CWB-O consistent with the 
hypothesized interaction.

Further, in answer to RQ2, we explored the potential 
for differential interactions by lower-order traits (i.e., 
conscientiousness, agreeableness, and emotional stabil-
ity). Regarding overall CWB, conscientiousness and emo-
tional stability showed significant interactions with GMA 
in both samples consistent with the hypothesized form. 
In contrast, although there was evidence of a significant 
interactive influence of agreeableness and GMA on over-
all CWB in both samples, only Sample 2 was consistent 
with the form hypothesized. The JN 95% CI revealed that 
the effect of GMA on CWB in Sample 1 was only signifi-
cant at very high levels of agreeableness, above 2.05 SD 
above the mean of agreeableness.

One reviewer expressed interest in further understanding 
differences in the CWB subdimensions, including whether 
these results may be clarified at the trait level. In Appen-
dix 1, we provide results of moderated regression analyses 
for both CWB subdimensions predicted by an interaction 
between GMA and all three lower-order traits. For CWB-I, 
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Sample 1 trait-level results demonstrated significant GMA 
interactions with both conscientiousness and emotional sta-
bility consistent with the form hypothesized but no signifi-
cant interaction with agreeableness. In Sample 2, there was 
a significant interaction between GMA and all three lower-
order traits for CWB-I.

In contrast, trait-level results for CWB-O differed 
by sample. In Sample 1, there was no significant con-
scientiousness-GMA interaction for CWB-O. Sample 1 
results supported interactions for agreeableness and emo-
tional stability but not of the form hypothesized. Rather, 
results suggested a possible positive influence of GMA 
on CWB-O at high levels of agreeableness and emotional 
stability. Because there was no agreeableness-GMA 
interaction for CWB-I, and overall CWB is an average 
of CWB-I and CWB-O, these results explain why there 
was some evidence of a positive influence of GMA on 
overall CWB for high agreeableness. However, these 
findings were not replicated in Sample 2. All trait-level 
CWB-O analyses in Sample 2 supported the hypotheses. 
Further, interaction effect sizes for CWB-O were rela-
tively consistent across the lower-order traits in Sample 
2, suggesting that the meta-trait interaction cannot be 
attributed to any one lower-order trait. Thus, although 
results for CWB-O were somewhat inconsistent between 
samples, results did not notably differ between traits. 
That is, none of the trait-level interactions were consist-
ent with the hypothesized form for CWB-O in Sample 
1, but all of the trait-level interactions were consistent 
with the hypothesized form for CWB-O in Sample 2. 
Consequently, we believe inconsistencies for CWB-O in 
Sample 1 should be interpreted with caution.

Ultimately, we believe that trait-level results emphasize 
the relevance of the meta-trait stability for understanding 
the inhibitory effect of GMA. Although prior research has 
empirically supported negative relationships between all 
three lower-order traits and CWB, the current study is the 
first to test a relationship between the meta-trait stabil-
ity and CWB. Thus, we proposed and investigated RQ2 to 
allow for the possibility that a stability-GMA interaction 
effect on CWB may be primarily driven by only one or 
two of the three lower-order traits. However, for overall 
CWB, 5 of the 6 trait-level interactions tested were of the 
same form as the hypothesized stability-GMA interaction. 
Thus, we believe our results are consistent with Marcus 
and Schuler (2004)’s findings, which suggest that a broad 
form of self-control–such as the meta-trait stability used 
here–is more appropriate than narrower dimensions when 
predicting general CWB.

A reviewer also noted that there were some differences 
between the two samples that may account for the gener-
ally stronger effects seen in Sample 2 relative to Sample 1. 
First, mean sum-scores for overall CWB and both subtypes 

were higher in Sample 2 relative to Sample 1. These mean 
differences may stem in part from a higher proportion of 
males in Sample 2. Moreover, Sample 1 was collected in 
May 2016 whereas Sample 2 was collected in March 2020, 
just after the beginning of the COVID-19 pandemic. Finally, 
the two samples showed slightly different patterns of GMA-
personality correlations. However, with the possible excep-
tion of conscientiousness in Sample 2, correlations were 
generally within the range reported in prior meta-analyses 
of the GMA-personality relationship (Ackerman & Heg-
gestad, 1997).

Despite these differences between Sample 1 and Sam-
ple 2, results were generally consistent between the two 
samples. Although there were some differences between 
the two samples by CWB subdimensions and at the trait-
level, result for our hypothesis—which concerned the 
interactive influence of GMA and the meta-trait stability 
on overall CWB—were consistent across both samples. 
In fact, rather than call into question the generalizability 
of findings, we believe that differences across samples 
underscore the robustness of our findings.

Implications for Theory and Practice

Results of the current study have important implications 
for both theory and practice. Despite ample support for a 
negative GMA-deviance relationship in the criminology 
literature, prior research has surprisingly not supported a 
GMA-CWB relationship. The current study clarifies the 
theoretical relationship between GMA and CWB by revis-
iting the rationale behind the popular inhibitory effect. 
Prior empirical studies have operationalized an inhibitory 
effect as a main effect of GMA on CWB. Here, we argue 
for a conditional inhibitory effect such that GMA shows 
an inhibitory effect on CWB among those with impulsive 
tendencies (i.e., low to moderate levels of the meta-trait 
stability). In contrast, GMA does not show a negative rela-
tionship with CWB among those who do not have such 
impulsive tendencies. Thus, our results are consistent with 
a conditional inhibitory effect such that GMA helps indi-
viduals with dispositional tendencies to engage in CWB 
to anticipate the consequences of their actions and inhibit 
those impulses.

Researchers have also proposed explanations for why 
prior empirical findings have not yet supported a negative 
GMA relationship with CWB, and our results speak to some 
of these explanations. As mentioned above, one explanation 
is that there are differential effects of GMA by subdimen-
sions. Overall, our results suggest inconsistent evidence 
for differential effects by CWB subdimensions. Sample 1 
showed evidence of possible differential interaction effects 
for the CWB subdimensions such that CWB-I results were 
consistent with the form of the interaction hypothesized 
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for overall CWB, but CWB-O results were not. However, 
there was no support for differential effects by CWB subdi-
mension in Sample 2, so differences in Sample 1 should be 
interpreted with caution.

Another commonly proposed explanation for the lack 
of support for a GMA-CWB relationship is differential 
detection. The use of self-reports was an intentional 
study design choice to prevent confounding differential 
engagement in CWB with differential detection of CWB. 
Thus, the current results suggest that GMA has an inhibi-
tory effect on actual engagement in CWB. Conversely, 
results suggest a negative GMA-CWB relationship can-
not be fully attributed to lower detection of CWBs com-
mitted by high-GMA individuals.

Results also have practical implications for the use of 
GMA to predict CWB. The current results were consist-
ent with prior research that suggests personality traits 
show stronger relationships with CWB than does GMA 
(Gonzalez-Mulé et  al., 2014). However, results also 
suggest that incorporating a stability-GMA interaction 
into selection models may be helpful, particularly when 
attempting to screen out applicants (i.e., the applicants 
most likely to engage in CWB). To demonstrate the 
potential benefit of including a stability-GMA interac-
tion in a selection system, we conducted a simulated 
selection analysis in which we compared a stability-
GMA interaction model and a stability-only model for 
screening out the bottom 10% and 20% of applicants 
see Appendix 2 for details). Further, we cross-validated 
parameters by using coefficients estimated from each 
sample to predict CWB in both samples separately, as 
well as the combined samples. In nearly all cases (22 
of the 24 comparisons summarized in Appendix 2), the 
stability-interaction model outperformed the stability-
only model. That is, the interaction model predicted or 
“screened out” the highest CWB applicants with greater 
accuracy than did the stability-only model. If selection 
practitioners are interested in screening out applicants 
most likely to engage in CWB, the interaction model is 
likely to offer enhanced utility.

Results also have implications for selection practitioners 
interested in limiting GMA-related adverse impact. Prior 
research suggests that personality tests have reduced adverse 
impact relative to GMA measures (Foldes et  al., 2008; 
Hough et al., 2001). Our results suggest that if applicants 
are first selected for high stability, then there is no addi-
tional predictive utility in selecting on GMA at later stages, 
because the GMA-CWB relation is null for those high in 
stability). However, if the range of stability in the appli-
cant pool is restricted such that the applicant pool includes 
very few high-stability individuals, then GMA may help to 
decrease the occurrence of future CWB. Notably, posthoc 
analyses of our data suggested race differences in predicted 

CWB were smaller when utilizing stability in addition to 
GMA as opposed to using GMA alone, and inclusion of the 
interaction term had no desirable or undesirable influence on 
these differences.5 Consistent with best practices in selection 
systems generally, practitioners should calculate utility esti-
mates that consider the added value of GMA assessments.

Limitations and Future Directions

In the current paper, we focused on reconceptualizing the 
inhibitory effect as an interactive influence of GMA on 
CWB and showed support for a GMA-stability interaction. 
As mentioned above, a variety of other explanations have 
been proposed for why prior empirical studies have not 
shown clean support for a negative GMA-CWB relationship. 
Importantly, an inhibitory interactive effect is not mutually 
exclusive of these other explanations, and we encourage 
future researchers to continue to explore these possibilities.

For example, our results suggest that high GMA leads to 
differential engagement in, not detection of, CWBs. How-
ever, because we utilized only self-reported CWBs, we also 
cannot rule out differential detection in objective and other-
reported CWBs. That is, it is possible that highly intelli-
gent individuals have the double advantage of being both 

5 In our first dataset (78% White, 6% Black, 5% Asian, 5% His-
panic) we found no significant observed differences in CWB between 
race categories,  F(3,1314) = 0.56,  p = .640. However, predicting 
CWB from GMA scores alone resulted in a significant race effect, 
F(3,1314) = 4.72,  p = .002, such that Black respondents had higher 
predicted CWB,  t(1176) = 3.77,  p < .001, with a moderately large 
effect size, d = .44. Notably, in this sample GMA alone did not sig-
nificantly predict CWB (see Table  5). However, all other models 
utilizing stability (stability alone, joint “main effects” of GMA and 
stability, or interacting GMA and stability) showed no significant 
differences in predicted CWB between race categories. In our sec-
ond dataset (74% White, 12% Black, 5% Asian, 5% Hispanic), 
we found significant observed differences in CWB,  F(3,1177) = 
6.99,  p < .001, such that Asian respondents showed lower CWB 
than White respondents,  t(968) = -2.55,  p = .011,  d = -.33, whereas 
Black respondents showed higher CWB than White respond-
ents,  t(1056) = 3.40,  p < .001,  d = .30. Using GMA alone to predict 
CWB resulted in a significant effect of race on predicted values of 
CWB,  F(3,1177) = 21.84,  p < .001. However, when using predicted 
CWB (via GMA), the Black-White effect size was exaggerated 
at d = .65 for predicted CWB, compared to d = .30 for observed CWB 
(see above). The Asian-White effect for predicted CWB was similar 
to the observed CWB finding at d = -.36. Utilizing stability as a lone 
predictor showed no significant race differences in predicted CWB. 
However, the effect of race category returned when considering joint 
prediction models. Using the “main effects” of GMA and stability 
resulted in a significant race effect,  F(3,1177) = 5.49,  p < .001, with 
significant and similar adverse effects for Black respondents, d = .31, 
and Hispanic respondents, d = .29. Nearly identical results were found 
when utilizing the interaction between GMA and Stability with effect 
sizes of .29 for Black respondents and .30 for Hispanic respondents.



 Journal of Business and Psychology

genuinely less likely to engage in CWBs and less likely to 
be caught when they do engage in CWBs. Moreover, regard-
ing self-reported detection of CWBs, individuals may not 
be the most accurate informants. Future research should be 
conducted that considers the influence of a GMA-stability 
interaction in self- vs. other-reported CWBs.

Another explanation that has been proposed for lack 
of a GMA-CWB relationship in prior empirical studies 
is sample heterogeneity (Dilchert et al., 2007). The sam-
ple heterogeneity explanation suggests GMA and CWB 
are related but only in certain occupational groups, and 
samples that combine occupational groups are likely to 
obscure this relationship at the population level. How-
ever, the rationales for why, when, and how the GMA-
CWB relationship should vary by occupation have been 
generally inconsistent, and there is relatively little 
empirical support for the sample heterogeneity argument 
(Gonzalez-Mulé et al., 2014). In the current study, we 
used a sample with heterogeneous occupational contexts. 
Thus, our results suggest that heterogeneity is not a suf-
ficient explanation for null GMA-CWB relationships in 
prior studies. Still, our results cannot rule out that the 
GMA-CWB relationship may differ slightly by sample 
type. The current study design may have obscured occu-
pational differences in the GMA-CWB relationship, and 
future researchers might consider possible differential 
interaction by occupational context when theoretically 
appropriate.

Similarly, as noted above, the inhibitory effect does 
not preclude the moral reasoning rationale. In fact, we 
believe that the inhibitory effect encompasses moral 
reasoning. It is possible that the relationship between 
GMA and CWB is best represented as moderated media-
tion in which GMA affects moral reasoning, and moral 
reasoning in turn interacts with stability to affect CWB. 
To date, no research of which we are aware has directly 
tested the effect of moral reasoning on CWB. More 
research is needed both on the moral reasoning rationale 
generally and how it may work together with the inhibi-
tory interactive effect identified here.

Future research should also further explore the possi-
bility of a positive GMA-CWB relationship among high 
stability individuals. The current study shows some evi-
dence for a possible positive effect of GMA on CWB-O 
at high stability. These results are somewhat surprising 
and inconsistent with most prior theorizing regarding 
the relationship between GMA and CWB. One possible 
explanation for the positive GMA-CWB relationship 
among high stability individuals is the stressor-emotion 
model of contextual performance proposed by Spector 
and colleagues (Spector & Fox, 2002). Although CWB is 
typically thought of as a maladaptive outcome, this model 
suggests that CWB may at times function as an adaptive 

strategy for responding to emotional stressors. Indeed, 
several studies have found that CWB may be a reaction 
to stressors (e.g., Bowling & Eschleman, 2010; Krischer 
et al., 2010; Fox et al., 2001). It is possible that among 
high stability individuals (i.e., people who are less likely 
to engage in CWB overall), GMA may be related to one’s 
ability to recognize and adopt effective stress-reducing 
behaviors. For example, wasting time or intentionally 
taking long breaks may be interpreted as useful strate-
gies for reducing strain. Still, these positive GMA-CWB 
relationships and the explanation offered here should be 
interpreted with caution, particularly given that Sample 
2 did not replicate these findings. To directly explore this 
explanation, future research might directly incorporate 
the role of workplace stressors into the study design.

Finally, future research should consider the potential 
influence of a GMA-CWB interaction in deviance gener-
ally. The current results suggest that GMA shows a negative 
relationship with CWB among those with low stability. In 
contrast, although researchers have found that self-control is 
an important predictor of deviance (Gottfredson & Hirschi, 
1990), empirical findings have largely shown support for 
a main effect of GMA on deviant behavior irrespective of 
self-control. Because our reinterpretation of the inhibitory 
effect is based in the explanation of the effect itself, we 
would expect a conditional inhibitory effect to also apply 
to deviance generally. Differences in findings for CWB and 
deviance generally may be in part attributable to mean dif-
ferences in stability between the corresponding traditionally 
studied populations. Future research should test a possi-
ble GMA-stability interaction in deviance broadly to fur-
ther clarify the theoretical relationship of GMA to deviant 
behavior.

Conclusion

By reinterpreting the commonly theorized inhibitory effect of 
GMA on CWB as conditional, we have provided one explana-
tion as to why empirical evidence has not generally supported 
a negative GMA-CWB relationship to date. Results of the 
current study suggest that GMA only demonstrates a nega-
tive relationship among those with dispositional tendencies 
to engage in CWB. Specifically, GMA inhibits CWB among 
those with low but not high levels of the meta-trait stability. 
Future research should consider whether this interactive effect 
also influences the detection of CWB, whether the form of 
the interaction varies by occupation, as well as the possibil-
ity of mediation via moral reasoning. Finally, future research 
should explore the implications of a GMA-stability interac-
tion in deviance generally to further delineate the relationship 
between CWB and broader types of deviance.
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Appendix 1

CWB Subdimensions Predicted by Lower‑order 
Traits

Below, we provide results for both CWB-I and CWB-O 
predicted by conscientiousness, agreeableness, and emo-
tional stability. Table 13 shows results of moderated mul-
tiple regression models in Sample 1, and Table 14 shows 
corresponding results of simple slopes tests. Table  15 
shows results of moderated multiple regression models 
in Sample 2, and Table 16 shows corresponding results 
of simple slopes tests. Consistent with other exploratory 
analyses described in the main manuscript, all p-values 
reported here are two-tailed. Further, JN alpha and p-val-
ues for simple slopes tests are Bonferroni corrected (Bauer 
& Curran, 2005).

Conscientiousness

In Sample 1, there was a significant interactive influence of 
conscientiousness and GMA on CWB-I (b = 0.07, p = 0.014) 
but not CWB-O. Conscientiousness accounted for 41.2% of 
the variability in the relationship between GMA and CWB-I 
 (R2 = 0.058). The effect of GMA on CWB-I was significant 
outside the JN 95% CI [0.12, 13.34] such that the effect was 
negative at low levels of conscientiousness.

In Sample 2, conscientiousness and GMA showed a sig-
nificant interactive effect on CWB-I (b = 0.15, p < 0.001) and 
CWB-O (b = 0.10, p < 0.001). Conscientiousness accounted 
for 38.0% of the variability in the relationship between GMA 
and CWB-I  (R2 = 0.258) and 37.7% of the variability in the 
relationship between GMA and CWB-O  (R2 = 0.307). The 
effect of GMA on CWB-I was significant outside the JN 
95% CI [0.71, 1.74] and the effect of GMA on CWB-I was 
significant outside the JN 95% CI [0.52, 2.68]. Thus, the 
effect of GMA on both CWB-I and CWB-O was significant 
and negative at low levels of conscientiousness in Sample 2.

Agreeableness

In Sample 1, there was a significant interactive influence of 
agreeableness and GMA on CWB-O (b = 0.07, p = 0.008) 
but not on CWB-I. Agreeableness accounted for 97.4% of 
the variability in the relationship between GMA and CWB-O 
 (R2 = 0.134). The effect of GMA on CWB-O was significant 
outside the JN 95% CI [-4.17, 0.59] such that the effect was 
positive at high levels of agreeableness.

In Sample 2, agreeableness and GMA showed a signifi-
cant interactive effect on CWB-I (b = 0.11, p < 0.001) and 
CWB-O (b = 0.11, p < 0.001). Agreeableness accounted for 
17.1% of the variability in the relationship between GMA 
and CWB-I  (R2 = 0.135) and 25.7% of the variability in the 

relationship between GMA and CWB-O  (R2 = 0.108). The 
effect of GMA on CWB-I was significant outside the JN 
95% CI [1.21, 4.26] and the effect of GMA on CWB-O was 
significant outside the JN 95% CI [0.79, 4.18]. Thus, the 
effect of GMA on both CWB-I and CWB-O was negative 
at low levels of agreeableness. However, the effect of GMA 
on CWB-I was also negative at moderately high levels of 
agreeableness and non-significant beyond 1.21 SD above 
mean agreeableness.

Emotional Stability

In Sample 1, there was a significant interactive influence 
of emotional stability on CWB-I (b = 0.06, p = 0.003) and 
CWB-O (b = 0.07, p = 0.003). However, when quadratic 
controls were included in the model (Cortina, 1993), the 
interactive influence on CWB-I was no longer significant 
and, therefore, the JN 95% CI and corresponding simple 
slopes tests are not reported. Emotional stability accounted 
95.7% of the variability in the relationship between GMA 
and CWB-O  (R2 = 0.059). The effect of GMA on CWB-O 
was significant outside the JN 95% CI [-1.43, 1.78] such that 
the effect was negative at very low levels of stability and 
positive at very high levels of stability.

In Sample 2, emotional stability and GMA also showed 
a significant interactive effect on CWB-I (b = 0.15, 
p < 0.001) and CWB-O (b = 0.12, p < 0.001). Emotional 
stability accounted for 30.6% of the variability in the 
relationship between GMA and CWB-I  (R2 = 0.151) and 
33.1% of the variability in the relationship between GMA 
and CWB-O  (R2 = 0.172). The effect of GMA on CWB-I 
was significant outside the JN 95% CI [0.89, 2.23] and the 
effect of GMA on CWB-O was significant outside the JN 
95% CI [0.68, 3.00] such that the effect of GMA on both 
CWB-I and CWB-O was significant at low levels of emo-
tional stability.

Summary

Overall, in Sample 1, results for CWB-I were consistent 
with the form hypothesized for conscientiousness and 
emotional stability. However, results for CWB-O were 
not consistent with the form hypothesized in Sample 1. 
Although results suggest a negative effect of GMA on 
CWB-O at very low emotional stability, results also show 
a positive effect of GMA on CWB-O at high levels of 
agreeableness and very high levels of emotional stabil-
ity. Importantly, these differences in subdimension and 
trait-level results were not replicated in Sample 2. Rather, 
results in Sample 2 were generally consistent across all 
three traits and both CWB subdimensions. Thus, Sample 
1 differences reported here should be interpreted with 
caution.
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Table 13  Results of regression 
analyses for CWB-I and 
CWB-O predicted by lower-
order traits and GMA in Sample 
1

Models were also run in which quadratic terms were included for all predictors per Cortina (1993). aWhen 
quadratic terms were included, the GMA-emotional stability interaction was no longer significant; inclu-
sion of quadratic terms did not change the significance of any other interaction terms. P-values are two-
tailed. N = 1,412; GMA General mental ability; CWB Counterproductive work behavior; CWB-I Interper-
sonal CWB; CWB-O Organizational CWB; Consc. Conscientiousness; Agr. Agreeableness; ES Emotional 
stability

Variable CWB-I CWB-O

b SE p b SE p

Conscientiousness
  Intercept 0.00 0.03 0.926 0.00 0.02 0.949
  GMA -0.07 0.03 0.012 -0.03 0.03 0.384
  Consc -0.22 0.03  < 0.001 -0.39 0.03  < 0.001
  Consc. x GMA 0.07 0.03 0.014 0.04 0.03 0.093
   R2 (∆R2) 0.058 (0.005) 0.158 (0.002)
  ∆R2

mo 0.412 0.676
Agreeableness

  Intercept 0.00 0.03 0.891 -0.01 0.03 0.783
  GMA -0.03 0.03 0.236 0.02 0.03 0.401
  Agr -0.36 0.03  < 0.001 -0.29 0.03  < 0.001
  Agr. x GMA 0.04 0.02 0.145 0.07 0.03 0.008
   R2 (∆R2) 0.134 (0.001) 0.090 (0.006)
  ∆R2

mo 0.501 0.974
Emotional stability

  Intercept 0.00 0.03 0.999 0.00 0.03 0.998
  GMA -0.07 0.03 0.019 -0.01 0.03 0.732
  ES -0.15 0.03  < 0.001 -0.22 0.03  < 0.001
  ES x GMA 0.06a 0.03 0.039 0.07 0.03 0.006
   R2 (∆R2) 0.032 (0.003) 0.059 (0.006)
  ∆R2

mo 0.384 0.957

Table 14  Results of simple 
slope tests for the effect of 
GMA on CWB-I and CWB-O 
at low, average, and high levels 
of lower-order traits in Sample 1

Results not reported for non-significant interactions (see Table  13). 95% confidence interval applies JN 
technique to continuous variables (see Bauer & Curran, 2005). When the respective personality trait is 
outside the confidence interval, the slope of general mental ability (GMA) is significant. Low indicates 
1 standard deviation below the mean; high indicates one standard deviation above the mean. JN alpha 
and simple slopes p-values are Bonferroni corrected (Bauer & Curran, 2005). P-values are two-tailed. 
N = 1,412; CWB Counterproductive work behavior; CWB-I Interpersonal CWB; CWB-O Organizational 
CWB

CWB-I CWB-O

b SE p b SE p

Conscientiousness
  Low (-1 SD) -0.14 0.03  < 0.001
  Average -0.07 0.03 0.012
  High (+ 1 SD) -0.01 0.04 1.000
  95% CI [0.12, 13.34]

Agreeableness
  Low (-1 SD) -0.05 0.04 0.554
  Average 0.02 0.03 0.402
  High (+ 1 SD) 0.10 0.03 0.012
  95% CI [-4.17, 0.59]

Emotional stability
  Low (-1 SD) -0.08 0.04 0.100
  Average -0.01 0.03 0.732
  High (+ 1 SD) 0.06 0.04 0.202
  95% CI [-1.43, 1.78]



Journal of Business and Psychology 

Table 13Table 14Table 15
Table 16

Table 15  Results of regression 
analyses for CWB-I and 
CWB-O predicted by lower-
order traits and GMA in Sample 
2

Models were also run in which quadratic terms were included for all predictors per Cortina (1993). In no 
case did inclusion of the quadratic term change the significance of the interaction term. N = 1,241; GMA 
General mental ability; CWB Counterproductive work behavior; CWB-I Interpersonal CWB; CWB-O 
Organizational CWB; Consc. Conscientiousness; Agr. Aagreeableness; ES Emotional stability

Variable CWB-I CWB-O

b SE p b SE p

Conscientiousness
  Intercept -0.02 0.03 0.402 -0.01 0.02 0.558
  GMA -0.17 0.02  < 0.001 -0.11 0.02  < 0.001
  Consc -0.41 0.02  < 0.001 -0.50 0.02  < 0.001
  Consc. x GMA 0.15 0.02  < 0.001 0.10 0.03  < 0.001
   R2 (∆R2) 0.258 (0.021) 0.307 (0.009)
  ∆R2

mo 0.380 0.377
Agreeableness

  Intercept -0.01 0.03 0.788 -0.01 0.03 0.787
  GMA -0.22 0.03  < 0.001 -0.17 0.03  < 0.001
  Agr -0.27 0.03  < 0.001 -0.26 0.03  < 0.001
  Agr. x GMA 0.11 0.03  < 0.001 0.11 0.03  < 0.001
   R2 (∆R2) 0.135 (0.011) 0.108 (0.011)
  ∆R2

mo 0.171 0.257
Emotional Stability

  Intercept -0.01 0.03 0.656 -0.01 0.03 0.719
  GMA -0.21 0.03  < 0.001 -0.16 0.03  < 0.001
  ES -0.27 0.03  < 0.001 -0.35 0.03  < 0.001
  ES x GMA 0.15 0.03  < 0.001 0.12 0.03  < 0.001
   R2 (∆R2) 0.151 (0.022) 0.172 (0.014)
  ∆R2

mo 0.306 0.331

Table 16  Results of simple 
slope tests for the effect of 
GMA on CWB-I and CWB-O 
at low, average, and high levels 
of lower-order traits in Sample 2

95% confidence interval applies JN technique to continuous variables (see Bauer & Curran, 2005). When 
the respective personality trait is outside the confidence interval, the slope of general mental ability (GMA) 
is significant. Low indicates 1 standard deviation below the mean; high indicates one standard deviation 
above the mean. JN alpha and simple slopes p-values are Bonferroni corrected (Bauer & Curran, 2005). 
P-values are two-tailed. N = 1,241; CWB Counterproductive work behavior; CWB-I Interpersonal CWB; 
CWB-O Organizational CWB

CWB-I CWB-O

b SE p b SE p

Conscientiousness
  Low (-1 SD) -0.32 0.04  < 0.001 -0.21 0.04  < 0.001
  Average -0.17 0.02  < 0.001 -0.11 0.02  < 0.001
  High (+ 1 SD) -0.02 0.03 1.000 -0.01 0.03 1.000
  95% CI [0.71, 1.74] [0.52, 2.68]

Agreeableness
  Low (-1 SD) -0.33 0.04  < 0.001 -0.29 0.05  < 0.001
  Average -0.22 0.03  < 0.001 -0.17 0.03  < 0.001
  High (+ 1 SD) -0.11 0.03 0.002 -0.06 0.04 0.314
  95% CI [1.21, 4.26] [0.79, 4.18]

Emotional Stability
  Low (-1 SD) -0.36 0.04  < 0.001 -0.28 0.04  < 0.001
  Average -0.21 0.03  < 0.001 -0.16 0.03  < 0.001
  High (+ 1 SD) -0.05 0.03 0.216 -0.03 0.04 0.794
  95% CI [0.89, 2.23] [0.68, 3.00]
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Appendix 2

Simulated Selection Analyses

To evaluate the practical impact of results, we conducted 
simulation analyses in which we compared CWB among 
“applicants” selected using a stability-GMA interaction 
model and model with only stability included as a predictor. 
We compared the interaction model to a stability-only model 
because stability-related traits (i.e., conscientiousness, 
agreeableness, and emotional stability) have been shown to 
negatively predict CWB and are used in selection systems. 
In contrast, prior research does not consistently support a 
GMA-CWB relationship, and we are not aware of any selec-
tion systems that use GMA to predict CWB.

First, we simulated applicant pools by randomly selecting 
people from our existing samples. We selected 1,000 sam-
ples of 100 people each from each of the samples, as well 
as from the combined samples. Next, we used coefficient 

estimates from the stability-only and interaction model to 
predict CWB and identified applicants to “screen out” (i.e., 
highest 10% and 20% in CWB). Notably, we cross-validated 
parameters by using coefficients estimated from each sample 
to predict CWB in both samples separately, as well as the 
combined samples. We then compared the observed average 
and maximum CWB scores of applicants that were identi-
fied by the interaction versus stability-only model. A model 
was considered to have “won” if observed CWB was more 
than 0.10 SD above that predicted by the other model. The 
number of “wins” for each model are shown in Tables 17 and 
18 for average and maximum CWB, respectively. Results 
show that the interaction model was better than the stability-
only model at predicting high CWB in 10 of 12 comparisons 
for average CWB and all (12 of 12) comparisons for maxi-
mum CWB. That is, the interaction model more accurately 
“screened out” applicants with the highest CWB in nearly 
all (22 of 24) comparisons.

Table 17
Table 18

Table 17  Comparison of interaction and stability-only model “wins” in simulated selection comparison for average CWB

A model was determined to have “won” if the observed maximum CWB for its identified applicants was 0.10 SD more than the observed maxi-
mum CWB of the alternate model. Number of “ties” can be calculated by adding the number of interaction model wins (i.e., number outside 
parentheses) and the number of stability-only model wins (i.e., the number inside the parentheses), and subtracting the total from 100%. Bold-
face indicates the interaction model outperformed the stability-only model

Simulated applicant sam-
ple pool

Using coefficients estimated in Sample 1: % interaction wins 
(% stability wins)

Using Coefficients estimated in Sample 2: % interac-
tion wins (% stability Wins)

Highest 10% in CWB Highest 20% in CWB Highest 10% in CWB Highest 20% in CWB

Sample 1 47% (23%) 20% (16%) 38% (40%) 20% (38%)
Sample 2 86% (2%) 78% (3%) 97% (0%) 80% (6%)
Combined samples 66% (10%) 56% (6%) 79% (7%) 54% (14%)

Table 18  Comparison of interaction and stability-only model “wins” in simulated selection comparison for maximum CWB

A model was determined to have “won” if the observed maximum CWB for its identified applicants was 0.10 SD more than the observed maxi-
mum CWB of the alternate model. Number of “ties” can be calculated by adding the number of interaction model wins (i.e., number outside 
parentheses) and the number of stability-only model wins (i.e., the number inside the parentheses), and subtracting the total from 100. Boldface 
indicates the interaction model outperformed the stability-only model

Simulated applicant sam-
ple pool

Using coefficients estimated in Sample 1: % interaction wins 
(% stability wins)

Using coefficients estimated in Sample 2: % interac-
tion wins (% stability wins)

Highest 10% in CWB Highest 20% in CWB Highest 10% in CWB Highest 20% in CWB

Sample 1 31% (4%) 12% (3%) 37% (10%) 19% (7%)
Sample 2 78% (2%) 49% (3%) 96% (1%) 51% (29%)
Combined samples 42% (5%) 25% (3%) 58% (7%) 31% (6%)
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Appendix 3

Latent Profile Analyses

As one reviewer noted, another potential way of examining the 
veracity of a moderation hypothesis is to estimate latent profiles 
among the variables of interest. Therefore, we estimated a latent 
profile model using the ‘tidyLPA’ package (Rosenberg et al., 
2018) in R. We utilized the IRT-derived scores for each of the 
three lower-order stability traits (i.e., conscientiousness, agreea-
bleness, and emotional stability), along with the two subdimen-
sions of CWB (CWB-I and CWB-O). To rule out any effects 
driven by the lower-order plasticity traits (i.e., extraversion and 
openness), we also included IRT scores for these two FFM 
dimensions.

Considering the Bayesian Information Criterion (BIC; 
smallest value criteria), Entropy (highest value criteria), 
smallest class size (in proportions, all classes equal to or 
greater than 0.10), and overall interpretability, we concluded 
that in both samples a 4-class solution was best. Statistics 
for model evaluation are shown in Table 19. As shown in 
Figure 7, the class with the highest level of CWBs (i.e., 

Class 3 in Sample 1, and Class 2 in Sample 2) also showed 
the lowest levels of conscientiousness, agreeableness, and 
emotional stability,6 as well as the lowest GMA compared 
to other classes. Thus, individuals with very high CWB 
(11% of Sample 1; and 19% of Sample 2) were also low 
in both stability and GMA. The class with the lowest level 
of CWB (i.e., Class 2 in Sample 1, and Class 1 in Sample 
2) had high levels of stability but average levels of GMA. 
That is, GMA was not a distinguishing feature for those in 
classes with low CWB (20% in both samples), whereas these 
classes were high in stability. These results are fully con-
sistent with our hypothesized interaction; individuals with 
low GMA and low stability have high CWB while individu-
als with high stability (but average GMA) have low CWB. 
Individuals with levels of CWB closer to average (i.e., the 
remaining classes: Classes 1 and 4 in Sample 1; Classes 3 
and 4 in Sample 2) generally showed average levels of other 
traits. Notably, there were no clear systematic differences 
in openness and extraversion across classes and samples. 
Thus, we believe that LPA shows the same effects that are 
more explicitly tested in our moderated multiple regression 
analysis.

Table 19
Figure 7

6 The only exception was that in Sample 2, Class 4 showed lower 
Agreeableness than Class 2.

Table 19  Fit statistics for latent 
profile model evaluations

# of Classes Sample 1 Sample 2

BIC Entropy Smallest class 
size

BIC Entropy Smallest 
class size

1 32,165 1.00 1.00 28,280 1.00 1.00
2 31,135 0.68 0.36 26,949 0.81 0.29
3 30,651 0.75 0.17 26,021 0.87 0.22
4 30,446 0.77 0.11 25,324 0.90 0.11
5 30,401 0.68 0.11 25,083 0.90 0.07
6 30,335 0.69 0.08 24,949 0.87 0.06
7 30,249 0.75 0.02 24,696 0.89 0.07
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Data Transparency Appendix

Sample 1 data reported in this manuscript have been pre-
viously published. Findings from the data collection have 
been reported in separate manuscripts. MS 1 (published) 
focuses on general mental ability (GMA), openness to expe-
rience, and creative achievement. MS 2 (published) focuses 
on GMA only and gender of participants. MS 2 (current 

manuscript) focuses on GMA, the Five Factor Model traits 
comprising meta-trait stability (conscientiousness, agreea-
bleness, and emotional stability), and counterproductive 
work behavior. The table below displays which data vari-
ables appear in each study, as well as the current status of 
each study. Sample 2 data reported in this manuscript have 
not been previously published.

Table 20

Fig. 7  Mean plots for each in 
latent profile class in Sample 1 
(top) and Sample 2 (bottom)
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